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Özyeğin University
January 2021

Copyright © 2021 by Yurtsev Mıhçıoğlu
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ABSTRACT

This study proposes a decomposition-based tabu search algorithm for a multi-cover

routing problem (MCRP), which aims to classify and evaluate the impacts of the

disaster in different sites and the needs of different community groups affected by

a disaster when remote communication is not possible, and highlights the solution

time and quality performances of the introduced algorithm. The algorithm focuses

on decomposing the problem to three phases and to apply different methods while

solving them. Performance of the proposed tabu search algorithm is evaluated with

respect to different benchmark solutions, findings are put to statistical tests, and

the results indicate that the proposed algorithm can achieve high-quality solutions

expeditiously, providing better results on average compared with the best-known

solutions existing in the literature.
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ÖZETÇE

Bu çalışma, uzaktan iletişimin mümkün olmadığı bir senaryoda afetlerin farklı bölgelerdeki

etkilerini sınıflandırma ve gözlemleme, ve bu afetlerden etkilenenlerin oluşturduğu

komünlerin ihtiyaçlarını belirleme amacı güden birden çok karşılama için rotalama

problemine ayrıştırma tabanlı bir yasaklanarak korunma araştırması algoritması geliştirerek

sonuçların kalitesini ve sonuçlara erişilme zamanını incelemektedir. Geliştirilen algo-

ritma, problemi üç evreye ayrıştırarak bu evrelere farklı çözüm metotları uygula-

mayı hedefler. Bu çalışmada önerilen algoritmanın performansı farklı denektaşlarıyla

kıyaslanmış, bulgular istatistiksel testlere tabi tutulmuş, ve sonuçlar, literatürde bi-

linen en kaliteli sonuçları geliştirerek önerilen algoritmanın yüksek kaliteli sonuçlara

hızlı bir şekilde erişebildiğini göstermiştir.

v



ACKNOWLEDGEMENTS

First of all, I would like to express my thanks and deepest gratitude to my family,

especially to my parents, for all the support and the opportunities they provided me

throughout my whole life.

Also, my sincerest thanks goes to all my friends, especially to I. Edhem Sakarya,

the friendship they provided is greatly appreciated.

Finally, I would like to thank all the teachers I had through my years of study,

who have provided me the smallest bit of knowledge, enlightening me, and to all the

professors in the Industrial Engineering Department of Özyeğin University, especially
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CHAPTER I

INTRODUCTION

Needs assessment could be defined as how humanitarian organizations identify and

measure the needs of the communities that is affected by a disaster, in other words,

it is the best way to answer the question “What assistance do disaster-affected com-

munities need?” [1]. In general, there exists two stages of needs assessment: the

rapid needs assessment stage and the detailed needs assessment stage [2]. The for-

mer one should start immediately after a disaster occurs and should lead to a design

of a plan based on the needs of the affected people within 3 days at the latest [3].

Teams conducted by high experienced generalists of humanitarian organizations visit

the affected sites to make observations (e.g., look, smell, touch) and talk to people

(e. g., interviews) [4]. Since, the rapid needs assessment stage should be completed

in a small-time period, it is not possible to visit all the sites that is affected by the

disaster. Thus, humanitarian organizations first identify several target community

groups based on the relevant factors such as geographical and density characteristics,

and severity of impact on the sites, that may lead to differences in survival needs, in

the affected area [5]. Once the target community groups are identified, selection of

the sites that carry the specified community groups to be visited is conducted. To

increase the reliability of the evaluations, visiting the same type of community group

several times is desired [6]. A multi-cover routing problem (MCRP) is defined in [6],

which assumes a pre-specified coverage target for each community group (i.e., which

represents the minimum number of site visits for each community group to achieve a

reliable observation) and studied in this study. Once the site selection phase is done,

the information gathered by the teams should be analyzed together to inform the
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stakeholders and to enable all humanitarian actors from the outset [7]. This requires

communication among the teams once each selected site is visited. However, in such

tremendous events, telecom landlines and wireless systems could be lacking, destroyed

or overloaded [8]. What is more, sadly, even if those technological difficulties do not

occur, a rapid deployment of communication systems is still required [9]. Also, as

stated in [6], it is difficult to foresee the availability of the information-sharing envi-

ronment, and flexible solution methods should be developed. All the above-mentioned

information points out that, to analyze the information of all visited sites, teams must

communicate in person, thus, in this study, it is assumed that remote communication

is not possible, and all teams must return to the coordination center after visiting

the sites that they are assigned to. Which in conclusion, breaks the problem into

3 phases: selection of the sites in a way that pre-specified coverage targets for each

community group is met, assignment of the selected sites to assessment teams, and

providing a route to each team that starts and ends at the coordination center. It is

stated in the literature that exact solution methods of the formulations provided for

the problem may not produce high quality solutions in reasonable times [6]. There-

fore, a decomposition-based tabu search algorithm, which uses a near-exact solution

method in solving the third phase of the problem and referring to this solution inside

the neighborhood moves is developed. The remainder of this thesis is structured as

follows. In Chapter 2, the relevant literature is reviewed. The problem is described

in detail in Chapter 3. The solution methods are discussed in Chapter 4, and the

computational results and comparisons with the benchmark solutions are presented in

Chapter 5. The numerical analysis and statistical tests upon the solutions presented

is going to be discussed in Chapter 6, and finally, Chapter 7 presents the conclusions

and future work directions.
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CHAPTER II

LITERATURE REVIEW

Routing problems, which consists of numerous variants, are widely studied in the liter-

ature for years, especially in logistics, and the number of papers published is growing

with an increasing rate in the field [10]. In addition, there also exist a rich literature on

post-disaster humanitarian logistics problems [6]. However, since some organizations

are focusing on fulfilling the pre-identified needs by partners, they do not operate a

needs assessment procedure [11]. Unfortunately, this may not be efficient since pre-

dicting the needs of the victims affected by a disaster may be hard, and the needs can

depend on numerous factors. Even though, with the frequent occurrence of disasters,

some studies are conducted upon the real-world disasters in recent years (such as, [2],

[6], [12] and [13], where the Ya’an earthquake (2013), Van earthquake (2011), tsunami

Aceh (2004) and Van earthquake (2011) are studied respectively), post-disaster needs

assessment still requires more attention in the literature, since the number of articles

published are relatively small compared with the other routing problem variants, and

since the lives of the affected people may depend on the improvements. In addition,

there are some other studies proposing using new technological improvements as well,

such as [14], where the authors consider using drones in order to inspect the dam-

ages in the affected region. However, new technologies can be expensive, can require

additional expertise, and direct communication and discussion of the conditions are

crucial to detect the needs in a post-disaster scenario [6]. These findings highlight

the need on focusing and studying the rapid needs assessment, and building reliable,

flexible, and robust techniques to solve rapid needs assessment problems in the liter-

ature. There also some examples of decomposition-based metaheuristic approaches,
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a similar technique to what is proposed in this study, such as [15], where the authors

developed a genetic algorithm as the route generation mechanism for the main routing

problem, for routing problems, exists. This study is closely related to [6], since the

need on focusing the needs assessment problem is seen, and the variant introduced in

[6], MCRP, is considered as a realistic demonstration on the real-world problem. The

author in [6] introduced some variants (MCRP rd and MCRP na) of the prize collect-

ing routing problem (PCRP), where the PCRP aims to minimize the total distance

traveled, minimize the vehicles used, and maximize the prize collected, with no need

to visit each customer selected, but every customer is associated a prize [16], while

the MCRP rd is aiming to minimize the maximum route duration, and MCRP na

aiming to minimize the maximum node duration, while satisfying the target coverage

for each community group in the problem. Although there exists different exact [17]

and heuristic [18] methods for solving the PCRP, they cannot be used directly to

MCRP due to definition of the objective functions of the problem [6]. Thus, a new

solution method to MCRP is introduced. In summary this study contributes to the

literature by focusing on the rapid needs assessment stage of a post-disaster scheme of

humanitarian operations, proposing the humanitarian organizations a new practical

and flexible solution method, which is out-performing the state-of-the-art algorithm

existing in the literature.
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CHAPTER III

PROBLEM DEFINITION

The multi-cover routing problem (MCRP), is a combinatorial optimization problem,

addressing the selection of sites, assignment of the assessment teams, and the routing

of the selected sites among the assigned teams. Given a set of sites, with each site

carrying at least one characteristic of the specified target community groups, and a

target coverage for each community group, MCRP determines the sites to be visited,

the assignment of the selected sites to the assessment teams and constructs the routes

of the assessment teams to guarantee that all target coverages are met as fast as pos-

sible. It is assumed that the assessment coordinators already have the secondary

data, which includes definitions of different community groups of the field before the

disaster occurs, hence, the community groups are already specified and the set of com-

munity groups carried by each site is already known, considering they usually obtain

this data from secondary sources pre-disaster [19]. In addition, since the number of

observations per community group needed may depend on several factors such as the

size of the region, existing knowledge or existing vulnerabilities of the field and the

logistical constraints [20], it is assumed that assessment coordinators already speci-

fied a coverage target for each community group, and similar to the study in [6], the

travel times, and the estimated time spent in the nodes, which are included in travel

times, are assumed to be known. Furthermore, since this study assumes that remote

communication is not possible due to flexibility and robustness concerns, all teams

must return to coordination center, indicating that the MCRP in this study aims to

minimize the maximum route duration of teams. However, it should be pointed out
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that one other variant of MCRP, which assumes that remote communication is avail-

able and focuses on minimizing the maximum node arrival time, is also mentioned

in the literature [6]. In addition, the formulation of both MCRP variants with dif-

ferent subtour elimination constraints (i.e., Miller–Tucker–Zemlin (MTZ) constraints

[21] & Dantzig, Fulkerson and Johnson (DFJ) constraints [22]) are already available,

the interested readers are referred to review [6]. The performance of the algorithm

proposed in this study against the mentioned formulations is going to be discussed

as well in Chapter 5. What is more, since the focus is on the case where assessment

teams should start and end their routes on coordination center, and the route lengths

of the teams are independent from each other once the selection and assignment phase

of the selected sites are over, the resulting routing problem for each team becomes

the well-known traveling salesman problem (TSP).
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CHAPTER IV

SOLUTION METHODS

Tabu search algorithm is first introduced by Fred Glover in 1986 [23] and it is one

of the most widely applied metaheuristics for solving TSP [24] and different vehicle

routing variants [6]. In fact, tabu search is considered as the most successful method

compared to other classical heuristic methods [25]. The idea of the algorithm is to

prevent cycling back to the same solutions by prohibiting specific moves that has

already been made during the previous iterations for a specific number of iterations

(i.e., tabu tenure), by keeping them in a tabu list. This study proposes a tabu search

algorithm to solve the mentioned MCRP. The algorithm uses a near-exact solution

method, Concorde solver to be specific, for solving the routing phase of the initial

solution and in the created traveling salesman problem (TSP) instances inside the

neighborhood moves of the algorithm, which basically translates into applying a tabu

search algorithm to the first two phases of the problem, to conduct the selection and

assignment of nodes that will be sent to Concorde solver at each iteration, in every

neighborhood move, to obtain a solution to the MCRP. In summary, the tabu search

algorithm creates assignments for teams with different routes, transfers the node

assignments to Concorde to solve the respective TSPs, and according to solutions

obtained from the third phase, decides which assignment to continue with in the

algorithm.

4.1 General Outline Of The Algorithm

First, an initial solution, which will be explained in Section 4.2, is constructed. Then,

in each iteration, four different neighborhood moves, which are shift, swap, remove-

insert and remove, are applied. All moves have their own tabu lists, and they will be
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explained in detail in Section 4.3. Algorithm continues until the specified iteration

limit is reached. The general flow of the algorithm can be seen in Fig. 1.

Figure 1: Flow chart of the algorithm

4.2 Construction of the Initial Solution

Constructing the initial solution has three phases: node (i.e., site) selection, vehicle

assignment and routing. A very similar method to Iterative Clustering Heuristic

proposed in [6] with small updates is used in the first two phases.

4.2.1 Node Selection

During the node selection, critical community group(s) are identified by calculating

a critical ratio for each group, which is found by dividing the current target coverage

(i.e., the minimum number of sites to visit to achieve the target number of observa-

tions) for that group by the number of unselected nodes carrying the characteristic
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of the respective group, and the community group(s) with the largest critical ratio

are defined as critical groups(s). Then, candidate nodes are defined as the nodes that

carry the characteristics of the critical group(s). Amongst the candidate nodes, the

one with the highest number of total community group characteristic carried is se-

lected, if this criterion is satisfied by multiple nodes, the one with the highest number

of total community groups carried by the candidate node and its two unselected clos-

est neighbors is selected, if there is a further tie, the one closest to the coordination

center(depot) is selected. This procedure continues until target coverages for each

group are satisfied. Once the nodes are selected, a removal procedure takes place,

which checks if removing a node is possible without violating the target coverage con-

straints. If there are multiple nodes that can be removed, the one farthest from the

depot is removed. Removal procedure continues until no more nodes can be removed

from the selected nodes. The visualization of the node selection phase can be seen in

Fig. 2.
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Figure 2: Node selection visualized
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4.2.2 Assignment

During the assignment phase, initially one node is assigned to each team; the node

that is farthest from the depot is assigned to the first team, then, for each remaining

team, the node whose total distance to the currently assigned nodes is largest, is

assigned to the next team. Once each team is assigned a node, the remaining nodes

are assigned to the team that is currently visiting closest assigned node iteratively.

When all selected nodes are assigned to a team, assignment phase ends.

4.2.3 Routing

As mentioned before, the routing phase becomes the well-known traveling salesman

problem, thus, in the routing phase, the number of TSPs needs to be solved is equal

to the number of teams. In the algorithm, TSP of each team is solved with Concorde

solver and the maximum route duration is reported, since minimizing the duration

of each route leads to the minimization of the maximum route duration. A very

straightforward proof can be demonstrated as:

Proof. Assume that a problem has i routes, and the minimum route duration of the

nth route is represented as an, n ∈ {1, 2, ..., i}, thus, all other solutions to the nth

route can be represented as an + εn, where εn ≥ 0, since the minimum value is already

assumed as an. The objective function value of the problem when all routes are solved

to optimality, z, becomes the duration of the route with maximum duration, and let

us say that the jth route is the one with the maximum duration.

z = aj = max{a1, a2, ..., aj, ..., ai} (1)

If we are to show that z is in fact the best solution that can be found, then the

proof is done. Now let us assume that there is such solution, z0, where z0 < z exists.

z0 = max{a1 + ε1, a2 + ε2, ..., aj + εj, ..., ai + εi} (2)
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There are two possibilities, either

z0 = aj + εj (3)

or

z0 = ak + εk, k 6= j (4)

holds. If (3) holds, there cannot be such z0, since we already know that aj ≤ aj+εj,

since εj ≥ 0. If (4) holds, it will be known that aj + εj ≤ ak + εk, because of (2).

Since it is known that aj ≤ aj + εj and aj + εj ≤ ak + εk, implying aj ≤ ak + εk, there

cannot be such z0 as well, meaning z is in fact the best solution that can be found

and that concludes the proof.

4.3 Neighborhood Moves

4.3.1 Shift move

Shift move, first finds the route with the longest duration, checks each node in that

route that is not in the tabu list and removes the one that the removal will lead to the

highest decrease in the route duration. Afterwards, the removed node is inserted to

each remaining route, and the insertion that will lead to the smallest route duration

amongst the remaining routes is selected. An example of the shift move could be

explained as: Let us assume that the current solution in hand has 4 node/team

assignments (which means the problem has 4 teams), where nodes 1, 2, 3, 4 are

assigned to team 1, nodes 5, 6, 7 are assigned to team 2, nodes 8, 9, 10 are assigned

to team 3 and nodes 11, 12, 13 are assigned to team 4. And let us assume that the

solutions of the TSPs of node/team assignments obtained with Concorde solver are

150, 120, 110 and 100 for teams, respectively. Shift move selects the first route since

it is the one with the longest duration, removes one node, and solves the remaining

assignment again, for each node that is not in tabu list (meaning that it will first

remove node 1, calculate the route duration of remaining nodes (2, 3, 4), then it

will remove node 2 from the original route, calculate the route duration of remaining

12



nodes (1, 3, 4), and so on). After finding the node that its removal will lead to the

highest decrease in the route duration, let us assume that it is node 1, making the

route duration of team 1, 110, the removed node will be inserted to each remaining

route, and the route durations are calculated again (meaning that it will first insert

node 1 to assignment of team 2, leading the node/team assignment to become 1,

5, 6, 7, then it will insert node 1 to assignment of team 3, leading the node/team

assignment to become 1, 8, 9, 10, and so on). After the insertions, let us say the new

route durations for teams 2, 3 and 4 become 130, 170 and 120, which are 120, 110 and

100 before the insertion in that case, the move will select the insertion that leads to

the smallest route duration, which in that case is 120, inserting node 1 to assignment

of team 4. After the move, nodes 2, 3, 4 are assigned to team 1, nodes 5, 6, 7 are

assigned to team 2, nodes 8, 9, 10 are assigned to team 3 and nodes 1, 11, 12, 13 are

assigned to team 4, with the new durations of 110 for team 1, 120 for team 2, 110 for

team 3 and 120 for team 4. During the move, all the duration changes in the routes

that the insertion and removal made are calculated using Concorde solver. It should

also be mentioned that, if all the nodes in the route with the longest duration are in

the tabu list, this move only changes the tabu status of the nodes.

4.3.2 Swap move

Swap move basically tries to remove one node from the solution and insert another

one among the nodes that currently are not in the solution, while ensuring feasibility.

This move focuses on the route with the longest duration, it first selects all the non-

tabu nodes in the longest route and starts checking if removing any of these nodes

from the solution, while inserting another node which currently is not in the solution,

is feasible in terms of target coverage. If there exist such nodes that it can be removed,

the node with its removal leading to the highest decrease in the duration of the longest

route is removed. Afterwards, all nodes that can re-ensure feasibility are inserted to
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each route one by one, and the insertion with the smallest route duration amongst

all possible insertions is made. Just like the shift move, the algorithm calculates

the route duration changes with Concorde solver. Once again, if all the nodes in the

longest route are in the tabu list, this move only changes the tabu status of the nodes.

4.3.3 Remove-Insert move

Remove-Insert move first finds the non-tabu node that its removal will lead to the

highest decrease in the duration of the longest route and removes the node without

concerning feasibility. Afterwards, the community group(s) whose target coverages

cannot be met after this removal are identified as infeasible groups. All unselected

nodes carrying the characteristics of the infeasible group(s) are selected as candidate

insertion nodes. Amongst the insertion of candidate insertion nodes to each route,

the insertion of the node to the route with the smallest route duration is made. This

procedure continues until the target coverage for each community group is met again.

Same as the above-mentioned moves, the algorithm calculates the route duration

changes using Concorde solver. Similar to the other moves, if all the nodes in the

longest route are in the tabu list, this move only changes the tabu status of the nodes.

4.3.4 Remove move

Remove move checks whether removing a node from the solution is possible while

ensuring feasibility. If there are multiple nodes that can be removed, the node that

will lead to the highest decrease in the longest route is removed. Once again, the

algorithm calculates the route duration changes based on Concorde solver.

Please note that, all the moves except remove move, since removing a node from

the solution cannot increase any of the route durations, may lead to an increase

in the objective function value, which is basically the diversification method of the

algorithm, and all the moves are deterministic.
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4.4 Concorde Solver

Concorde is a near-exact method to solve the traveling salesman problem. It has

been used to solve all 110 TSPLIB instances, which are widely known and studied

in the literature, to optimality, with the largest having 85,900 cities [26]. And for

many other instances having millions of cities, the proposed solution by Concorde is

reported to be within 2-3% of the optimal tour [27]. This implies that, in the context

of this study, since this study focuses on the instances with a maximum of 100 nodes,

Concorde is extremely reliable.

4.5 Decomposition

In general, decomposition approach means to solve a problem by breaking it up

into smaller problems, and solving them either in parallel or sequentially, which has

their origins in the context of large-scale linear programming in the 1960s [28]. As

mentioned above, the MCRP has three phases, which are: the selection of the nodes

to visit, assignment of the selected nodes to teams, and to obtain the routes of the

assessment teams. If one is to decompose and divide the MCRP to two smaller

problems, one containing the first two phases, and the other one containing the third

phase, the first sub-problem becomes a smaller one, which is aiming to find a subset of

the nodes in the original MCRP that satisfy the target coverage, and to assign them

to teams (a variant of the set covering problem mixed with the team orienteering

problem without concerning about the routing part of the team orienteering problem).

And it is trivial to see that the second sub-problem becomes a variant of the vehicle

routing problem, where the aim is to minimize the maximum route duration. In the

algorithm, tabu search focuses on the first sub-problem by conducting neighborhood

moves that changes the selected nodes and the assignment of the selected nodes to

teams, with the information from the Concorde solver, which is basically focusing on

the second sub-problem by solving the TSP of each route to minimize the maximum
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duration of the routes in the solution.

4.6 Tabu Search Parameters

Parameter-tuning, which can be simply put as deciding on the predefined set of pa-

rameters of an approach according to the problem at hand, is known to be crucial

while using a metaheuristic approach since those parameters may have a large influ-

ence on the effectiveness and efficiency of the search [29]. Even if it is widely studied

in the literature, universally optimal parameter values set for a specified metaheuris-

tic does not exist [30]. The algorithm requires setting up the tabu tenure (TT) value,

so, 3 different values of static tabu tenures, which are 5, 7 and 10 are analyzed. 5, 7

and 10 are chosen according to the number of nodes in the problem. The 48 instances

introduced in [6], which are going to be used in solution quality and time comparison

as well, have 25, 50, 75 and 100 nodes, and those instances will be further discussed

in Chapter 5. So, a set of tabu tenure values is decided accordingly. To be more

specific, the set is decided upon this criterion: find the square root of the minimum

instance size, which is 5 in that case, find the square root of the maximum instance

size, which is 10 in that case, and the average of them, which is 7.5 in that case,

which added to the set as 7. The short-run solutions of TSI algorithm mentioned in

[6] is chosen as the reference point of the analysis. The average percentage of objec-

tive value difference of 48 instances with respect to the reference point comparison

between different tabu tenure values can be seen in Fig. 3.

Even though the performances are in fact close, the algorithm performed best

when the tabu tenure is selected as 7, with an average of 1.58% improvement com-

pared to the short run of the proposed tabu search algorithm in [6]. In addition,

the difference between the objective value difference percentages with different tabu

tenure values are indeed close, being -1.48%, -1.58%, -1.52% with tabu tenures 5, 7

and 10 respectively, indicating that the performance of the algorithm is robust against
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Figure 3: Tabu tenure comparison

the differences in tabu tenure values if it is in a specified range (in this case, between

5 and 10). During further analysis, the average objective value difference with respect

to the reference point according to the instance size for different tabu tenure values

are calculated and can be seen in Table 1.

TT=5 TT=7 TT=10

25 Nodes 0.69% 0.16% 1.14%

50 Nodes -1.27% -1.43% -1.27%

75 Nodes -3.14% -2.79% -3.30%

100 Nodes -2.19% -2.25% -2.63%

Table 1: Average objective value difference percentages according to problem size

with different Tabu Tenure (TT) values.

It is concluded that, the tabu tenure value which is closest to the square root of

the instance size among the selected set, performs better, except for the instances

with 25 nodes. This is because, selecting tabu tenure as small as 5, may lead to
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cycling, when the instance size is small. Thus, it is decided to set the tabu tenure

value as the closest of 7 and 10 compared to the square root of instance size (i.e., the

tabu tenure is set to 7 for the first 24 instances, which have 25 and 50 nodes, and

the tabu tenure is set to 10 for the remaining 24 instances, which have 75 and 100

nodes). Please note that, this is not a benchmark comparison, this is the result of the

analysis that is conducted to decide on the metaheuristic parameter. To generalize,

selecting the square root of the number of sites in a problem as the tabu tenure, if

it is greater than 5, is suggested. In addition, it is believed that the performance of

the algorithm could be further improved if a different methodology of choosing the

tabu tenure value is applied, this will be discussed in Chapter 7. The details of the

instances, benchmark comparisons and the result of the algorithm proposed in this

study is going to be discussed in Chapter 5.
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CHAPTER V

COMPUTATIONAL RESULTS

In this chapter, the results of the algorithm are going to be presented to evaluate

the performance. The benchmark is chosen as the tabu search algorithm introduced

in [6], since it provides the best-known solutions in the literature for the defined

48 instances of MCRP in [6]. The comparison of results with the solutions found by

CPLEX in 1 hour with different subtour elimination constraints is presented in Section

5.3. Afterwards, the comparison between the algorithm and the proposed tabu search

algorithm in [6], TSI , is going to be done in Section 5.4. The algorithm proposed in

this study is going to be referred as TSC from this point on. I also want to mention

the differences between the two tabu search algorithms proposed in [6] briefly. First

one, TSI , builds the initial solution based on an iterative clustering heuristic, while

the second one, TSL, constructs the initial solution of the algorithm by a location-

based clustering model using an optimization model. Also, the difference between

short-runs and long-runs is just the number of iterations, with short-run running for

3 × 105 iterations, and long-run running for 2.4 × 106 iterations. Interested readers

are referred to [6] for more details. Since it is mentioned in [6] that using TSI could

be more reasonable because it is slightly faster and providing better solutions overall,

the comparisons is going to be build with respect to TSI . However, the maximum,

average, and minimum objective value difference in percentages with respect to other

algorithm, TSL, without performing any further statistical analysis is going to be

presented as well. All computations were performed on a macOS with 8 GB DDR3

RAM and 1.8 GHz Intel Core i5 CPU, and the algorithm is coded using Python.
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5.1 Problem Instances

The performance of the proposed algorithm is tested on 48 hypothetical instances, ob-

tained from [6]. The authors create the instances by modifying well-known Solomon

instances [31] studied in [13]. In detail, 24 of these 48 instances consist randomly dis-

tributed nodes, which are denoted by R, and the remaining 24 has randomly clustered

nodes, which are denoted by RC, among the network, with sizes of 25, 50, 75 and 100.

In each instance, there are twelve community groups, which are assigned to sites ran-

domly. Number of teams in an instance is created randomly, ranging between 2 and

6 [6]. Additionally, three different target coverage levels for community groups are

defined, being low (L), medium (M) and high (H), by considering the total number of

occurrences of a community group in the network [6]. The authors use different frac-

tional numbers, ranging between 0.1 and 0.8, to set the target coverage parameters.

For more information and details about the instance creation procedure, readers can

refer to [6]. Instance name definition is as follows: the number of nodes/distribution

type/number of teams/target coverage level. For example, the first instance, which

is 25/R/2/L, has 25 nodes inside the problem which are distributed randomly among

the network, has 2 teams and a low level of target coverage ratio. A visualization of

the node distribution including the coordination center of instances with randomly

distributed and randomly-clustered nodes can be seen in Fig. 4. and Fig. 5.
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Figure 4: An instance with randomly distributed nodes

Figure 5: An instance with randomly-clustered nodes

5.2 General Comparison

The boxplots, where one can see the mean, median and the quartile information,

of the objective value difference in percentages with respect to different benchmark

algorithms, and the runtime graphics of all the mentioned methods is going to be

presented in this chapter.
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5.3 Performance of the algorithm versus the formulation
of MCRP

In this section, the performance of the algorithm compared with the formulation

solved in CPLEX in 1 hour is presented. The solutions of the formulation solved in

CPLEX are obtained from [6]. The authors provided two alternatives on formulating

the problem with different subtour elimination constraints in [6], however, since the

solutions of the MTZ formulation are better for 30 out 48 instances, the same for 11

out of 48, and better overall, I will only be comparing the results of the algorithm

with the MTZ formulation. The results can be seen in Fig. 6 and Table 2, where the

boxplot of objective value differences in percentages of 48 instances and the maximum,

average and minimum objective value difference in percentages is presented.

Figure 6: Objective value difference (%) comparison with CPLEX MTZ formulation
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vs. CPLEX MTZ formulation

Maximum 3.6%

Average -24.4%

Minimum -73.4%

Table 2: Maximum, average, minimum of objective value diff. (%) vs. CPLEX MTZ

formulation

In addition, the run-time comparison in seconds can be seen in Fig. 7 and Table

3.

Figure 7: Run-time comparison with CPLEX MTZ formulation

TSC CPLEX MTZ formulation

Maximum 1491.61 3600.00

Average 630.73 3600.00

Minimum 44.41 3600.00

Table 3: Run-time comparison vs. CPLEX MTZ formulation

I would also like to add that the objective value difference in percentages of TSC
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compared with the DFJ formulation is -34.5% on average. The results clearly illus-

trate that using a metaheuristic approach could result in higher-quality solutions, by

outperforming the exact formulation by 24.4% and running nearly 6 times faster on

average.

5.4 Performance of the algorithm versus the benchmark al-
gorithm

This section presents the solution comparison between the algorithm proposed in

this study versus the short and long runs of the best-known algorithm, TSI , for

the MCRP in terms of both solution quality and runtime. A comparison of the

results with a procedure, which is referred as warmed up CPLEX method, where

the authors in [6] feed the optimization software with the solution gathered from the

short run of TSI algorithm as the initial feasible solution, and solve for both MTZ and

DFJ constraints, each for 1 hour, returning the best solution found (either from the

model with MTZ subtour elimination constraints or from the model with DFJ subtour

elimination constraints) for each instance is also done. The authors mentioned that

this procedure failed to improve the results by an impactful amount, thus, applying

this method is not reasonable, since the runtime of this procedure is the summation

of the time it takes to complete the short run of TSI algorithm plus 2 hours for each

instance, in terms of solution quality, this is the state-of-the-art algorithm, providing

the best results on average. The objective value difference comparison of TSC with

respect to both short run of TSI , long run of TSI and the warmed up CPLEX method

can be seen in Fig. 8 and Table 4.
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Figure 8: TSC vs. Short Run and Long Run of TSI , and TSC vs. Warmed up

CPLEX method

vs. TSI ShortRun vs. TSI LongRun vs. Warmed up CPLEX

Maximum 3.6% 3.6% 3.6%

Average -1.8% -1.2% -0.8%

Minimum -8.5% -7.2% -6.0%

Table 4: Max., avg., min. obj. diff. (%) vs. TSI ShortRun, TSI LongRun, Warmed

up CPLEX

It can be seen that the algorithm proposed in this study outperforms both the

short run of TSI , long run of TSI and warmed up CPLEX procedure, with an average

objective value difference percentage of -1.8%, -1.2% and -0.8% respectively. The

runtime comparison of TSC and three different methods mentioned above can be

seen in Fig. 9 and Table 5.
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Figure 9: Run-time comparison of TSC vs. Short and Long Run of TSI and Warmed

up CPLEX method

TSC TSI ShortRun TSI LongRun Warmed up CPLEX

Maximum 1491.61 851.89 3600.00 7200.00+

Average 630.73 390.25 2411.56 7200.00+

Minimum 44.41 66.28 491.26 7200.00+

Table 5: Run-time comparison of TSC vs. Short and Long Run of TSI and Warmed

up CPLEX method

The TSC algorithm provides better solutions compared to the short run in 30 out

of 48 instances (62.5%) and provides the same results in 4 out of 48 instances (∼ 8%),

while running nearly 1.5 times longer. However, this runtime difference in minutes is

only translating into ∼ 4 on average. In addition, TSC algorithm is also providing

better results compared with the long run of the suggested algorithm, TSI , with

an average of 1.2% improvement, while running 4 times faster (the time difference

translating into ∼ 30 minutes) and outperforming TSI in 24 out of 48 instances
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(50%), providing same results in 6 out of 48 instances (12.5%). The algorithm is also

finding better results with an average of 1.9% and 1.2% improvement in the objective

value compared to short run and long run of TSL, respectively. Also, the algorithm

also outperforms the warmed up CPLEX procedure as well, with an average of 0.8%

improvement, while running for ∼ 10 minutes on average, compared to 120+ minutes.

Furthermore, the solutions obtained for each instance from different algorithms and

procedures can be seen in Appendix A.
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CHAPTER VI

NUMERICAL ANALYSIS

In this chapter, whether if the findings of this study are significant, by applying sta-

tistical tests, and whether if there are some factors amongst instances that have an

impact on the solution quality of the algorithm is going to be tested. Paired t-tests

are conducted in order to comment on if the average objective value of 48 instances

found by the algorithm is significantly different than the averages of objective val-

ues found with the short run of TSI , long run of TSI and the warmed up CPLEX

procedure. Even though it is known that for N > 30, the results of the t-test are

approximately correct even the compared two samples does not follow a normal distri-

bution, Kolmogorov-Smirnov tests are done for each of the objective value set found

by above-mentioned 4 methods, and see that the objective values may indeed follow

a normal distribution, with the test failing to reject the null hypothesis, which as-

sumes that the objective values follow a normal distribution, for each method, with

p-values 0.42, 0.55, 0.44 and 0.52 for TSC , short run TSI , long run TSI and warmed

up CPLEX. After that, paired t-tests for TSC and short run TSI , TSC and long run

TSI , and TSC and warmed up CPLEX are conducted. Where the null hypothesis of

the tests assuming the means of the objective values found by different algorithms

are equal. The p-values of the conducted paired t-tests can be seen in Table 6.

TSC and TSI S.Run TSC and TSI L.Run TSC and W. up CPLEX

p-value 6.33e− 05 0.00233 0.03352

Table 6: p-values of paired t-tests for different algorithms

The p-values show that the null hypothesis is rejected with a confidence level of
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95%. Indicating that the solutions found by the algorithms are significantly different.

In addition, whether if the number of nodes in the solution affects the solution quality

of the algorithm is investigated, by first breaking the solutions achieved for instances

in hand to 4 different categories according to node size (which are 25, 50, 75 and 100),

the average objective function values for TSC , short run of TSI , long run of TSI and

warmed up CPLEX procedure can be seen in Table 7. Other comparisons made by

differentiating amongst the characteristics of the instances can be seen in Appendix

B.

TSC TSI S.Run TSI L.Run Warmed up CPLEX

25 Nodes 84.8 84.7 84.5 84.4

50 Nodes 99.6 101.0 100.1 99.8

75 Nodes 105.8 109.0 108.4 107.8

100 Nodes 102.4 105.0 104.2 103.6

Table 7: Average objective values according to problem size

This basic comparison showed that, with the problem size growing in terms of the

nodes it has, the algorithm is providing better results overall. To further investigate

how the node size in an instance affects the solution quality, a basic linear regression

model is used. The objective value difference in percentages for each instance versus

the short run of TSI can be seen in Fig. 10.
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Figure 10: Objective value difference (%) for each instance vs. TSI ShortRun

As mentioned above, a simple linear regression model is fitted, and it can be seen

that when the instance size grows up (please note that the number of nodes in an

instance increases with the instance no, for example, instances 1-12 has 25 nodes,

instances 13-24 has 50 nodes, instances 25-36 has 75 nodes and instances 37-48 has

100 nodes), the improvement in the objective value difference tend to grow up as well,

with the instance no having a p-value for the regression of 0.025, indicating that the

instance no and the objective value difference is indeed correlated with a confidence

level of 95%. This trend is also seen when the objective value differences between TSC

and the long run of TSI , and TSC and warmed up CPLEX method are investigated

as well, the results can be seen in Appendix C.
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CHAPTER VII

CONCLUSIONS AND FUTURE WORK

In conclusion, this study provides a solution approach, which is outperforming the

existing approaches in the literature, that can be used by humanitarian organizations

in a post-disaster environment, during the rapid needs assessment planning. Even

though the assumptions made in this study are realistic, this study is focusing on a

deterministic problem, which, on some occasions might not be the case. Studying on a

stochastic setting, which may include randomness in problem parameters such as the

expected time spent in sites, or travel times, could be interesting as also mentioned in

[6]. In addition, implementing a similar approach proposed in this study to the other

variant of the MCRP introduced in [6], which aims to minimize the maximum node

duration, by again applying a decomposition methodology, dividing the problem into

two sub-problems, with one including the first two phase, and one including the last

phase (which is going to be a variant of the well-known all pairs shortest path problem

(APSP) where the start point, the coordination center, is fixed) may lead to improved

results as well since there are also algorithms providing high-quality solutions to the

problem [32] . Also, applying an adaptive method to decide on the tabu tenure, i.e.,

changing the tabu tenure value in between the moves of the algorithm depending

on some factors, could lead to improved results. What is more, future research can

also focus on introducing a new method, prediction for example, while obtaining the

results for the sub-problems to decrease the runtime or to increase the solution quality

of the algorithm.
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APPENDIX A

OBJECTIVE VALUES OF EACH INSTANCE AMONGST

DIFFERENT BENCHMARK ALGORITHMS

In Appendix A, the TSC column will represent the objective values found by the

algorithm proposed in this study, MTZ column will show the solutions obtained by

CPLEX with MTZ formulation in 1 hour, TSI column will represent the solutions

found by the proposed benchmark algorithm, TSL column will represent the solutions

found by the variant introduced in [6], TSB column shows the best objective value of

the existing models before this paper (i. e., the minimum of the objective values of

TSI and TSL) and the Warmed up CPLEX column will show the solutions obtained

from warmed up CPLEX method. The ∆MTZ
obj column will represent the objective

value difference in percentages between TSC and MTZ formulation, ∆I
obj column

will represent the objective value difference in percentages between TSC and TSI ,

∆L
obj column will represent the objective value difference in percentages between TSC

and TSL, and similarly, ∆B
obj column will represent the objective value difference

in percentages between TSC and TSB, as well as ∆wuCPLEX
obj column will represent

the objective value difference in percentages between TSC and warmed up CPLEX

procedure.

The comparison of TSC with respect to MTZ formulation in CPLEX solved for 1

hour (obtained from [6]) can be seen in Table 8. The comparison of TSC with respect

to short runs of the algorithms can be seen in Table 9 and Table 10. The comparison

of TSC with respect to long runs of the algorithms can be seen in Table 11 and Table

12. And the comparison of TSC with respect to warmed up CPLEX method can be

seen in Table 13.
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It also needs to be mentioned that a rounding error is noticed in [6], since the

optimal objective value found by CPLEX of Instance No. 4, 25/RC/2/L, is 49.18

rounded to two decimal points, is reported as 49.1, and the optimal objective value

found by CPLEX of Instance No. 3, 25/R/2/H, is 123.41 rounded to two decimal

points, is reported as 123.5 in [6]. With the best intentions, it is believed that this

is because the route durations inside the problem is also rounded, leading up to an

information loss. Thus, the values for the 3rd and 4th instance is going to be reported

as 123.4 and 49.2 for the solutions obtained from [6].
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Table 8: TSC versus MTZ formulation(1h)
Ins. No. Ins. Name TSC MTZ ∆MTZ

obj

1 25/R/2/L 74.8 74.8 0.0%
2 25/R/2/M 103.6 101.6 2.0%
3 25/R/2/H 123.4 123.4 0.0%
4 25/RC/2/L 49.2 49.2 0.0%
5 25/RC/2/M 82.6 82.5 0.1%
6 25/RC/2/H 104.0 103.9 0.1%
7 25/R/3/L 63.4 63.3 0.2%
8 25/R/3/M 77.5 77.4 0.1%
9 25/R/3/H 96.2 95.2 1.1%
10 25/RC/3/L 70.1 70 0.1%
11 25/RC/3/M 82.6 82.5 0.1%
12 25/RC/3/H 90.3 90.2 0.1%
13 50/R/3/L 79.2 87.6 -9.6%
14 50/R/3/M 97.3 107.4 -9.4%
15 50/R/3/H 130.7 140.3 -6.8%
16 50/RC/3/L 74.1 74.2 -0.1%
17 50/RC/3/M 94.3 101.3 -6.9%
18 50/RC/3/H 125.2 138.4 -9.5%
19 50/R/4/L 84.3 91.3 -7.7%
20 50/R/4/M 94.3 115.6 -18.4%
21 50/R/4/H 104.5 163.2 -36.0%
22 50/RC/4/L 97.9 94.5 3.6%
23 50/RC/4/M 100.2 101.9 -1.7%
24 50/RC/4/H 112.9 127 -11.1%
25 75/R/3/L 70.4 85.9 -18.0%
26 75/R/3/M 99.5 191.1 -47.9%
27 75/R/3/H 147.4 232.9 -36.7%
28 75/RC/3/L 98.4 117.1 -16.0%
29 75/RC/3/M 127.1 180.5 -29.6%
30 75/RC/3/H 152.4 443.2 -65.6%
31 75/R/4/L 75.9 128.4 -40.9%
32 75/R/4/M 83.1 167.9 -50.5%
33 75/R/4/H 101.1 191.2 -47.1%
34 75/RC/4/L 94.2 104 -9.4%
35 75/RC/4/M 100.9 136.7 -26.2%
36 75/RC/4/H 118.6 195.8 -39.4%
37 100/R/3/L 72.8 100.9 -27.8%
38 100/R/3/M 110.7 245.1 -54.8%
39 100/R/3/H 155.8 311.3 -50.0%
40 100/RC/3/L 79.5 98.4 -19.2%
41 100/RC/3/M 112.9 249.2 -54.7%
42 100/RC/3/H 149.1 332.9 -55.2%
43 100/R/6/L 70.3 195.5 -64.0%
44 100/R/6/M 81.3 258.1 -68.5%
45 100/R/6/H 91.5 238.8 -61.7%
46 100/RC/6/L 82.5 156.1 -47.1%
47 100/RC/6/M 104.0 235.6 -55.9%
48 100/RC/6/H 118.6 445.7 -73.4%

Min. ∆obj -73.4%
Avg. ∆obj -24.4%
Max. ∆obj 3.6%
Avg. CPU(s) 630.73 3600.00
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Table 9: TSC versus Short Runs of TSI and TSL

Ins. No. Ins. Name TSC TSI ∆I
obj TSL ∆L

obj

1 25/R/2/L 74.8 74.8 0.0% 74.8 0.0%
2 25/R/2/M 103.6 103.2 0.4% 103.2 0.4%
3 25/R/2/H 123.4 123.4 0.0% 123.4 0.0%
4 25/RC/2/L 49.2 49.2 0.0% 49.2 0.0%
5 25/RC/2/M 82.6 82.7 -0.1% 82.5 0.1%
6 25/RC/2/H 104.0 103.9 0.1% 105.5 -1.4%
7 25/R/3/L 63.4 63.3 0.2% 63.3 0.2%
8 25/R/3/M 77.5 77.4 0.1% 80.3 -3.5%
9 25/R/3/H 96.2 96.6 -0.4% 97.3 -1.1%
10 25/RC/3/L 70.1 70 0.1% 70 0.1%
11 25/RC/3/M 82.6 81.4 1.5% 82.5 0.1%
12 25/RC/3/H 90.3 90.2 0.1% 90.2 0.1%
13 50/R/3/L 79.2 80.8 -2.0% 80.7 -1.9%
14 50/R/3/M 97.3 103.8 -6.3% 103.9 -6.4%
15 50/R/3/H 130.7 131.3 -0.5% 131.2 -0.4%
16 50/RC/3/L 74.1 73 1.5% 73 1.5%
17 50/RC/3/M 94.3 96.3 -2.1% 97.5 -3.3%
18 50/RC/3/H 125.2 124.1 0.9% 123.4 1.5%
19 50/R/4/L 84.3 87.3 -3.4% 86.8 -2.9%
20 50/R/4/M 94.3 97.3 -3.1% 99.1 -4.8%
21 50/R/4/H 104.5 107.6 -2.9% 108 -3.2%
22 50/RC/4/L 97.9 94.5 3.6% 94.5 3.6%
23 50/RC/4/M 100.2 101.9 -1.7% 101.9 -1.7%
24 50/RC/4/H 112.9 114.2 -1.1% 114.4 -1.3%
25 75/R/3/L 70.4 76.9 -8.5% 75.4 -6.6%
26 75/R/3/M 99.5 107.9 -7.8% 105.8 -6.0%
27 75/R/3/H 147.4 147.7 -0.2% 146.3 0.8%
28 75/RC/3/L 98.4 102.3 -3.8% 101.8 -3.3%
29 75/RC/3/M 127.1 133.1 -4.5% 135.8 -6.4%
30 75/RC/3/H 152.4 154.1 -1.1% 154.3 -1.2%
31 75/R/4/L 75.9 79.3 -4.3% 78.7 -3.6%
32 75/R/4/M 83.1 88.9 -6.5% 88.8 -6.4%
33 75/R/4/H 101.1 102.9 -1.7% 101.8 -0.7%
34 75/RC/4/L 94.2 92.1 2.3% 92.2 2.2%
35 75/RC/4/M 100.9 104.5 -3.4% 104.5 -3.4%
36 75/RC/4/H 118.6 118.6 0.0% 118.6 0.0%
37 100/R/3/L 72.8 79.2 -8.1% 80.4 -9.5%
38 100/R/3/M 110.7 110.4 0.3% 110.8 -0.1%
39 100/R/3/H 155.8 154.4 0.9% 153.8 1.3%
40 100/RC/3/L 79.5 79.7 -0.3% 82.8 -4.0%
41 100/RC/3/M 112.9 121 -6.7% 120.2 -6.1%
42 100/RC/3/H 149.1 157.2 -5.2% 155.5 -4.1%
43 100/R/6/L 70.3 74 -5.0% 73.3 -4.1%
44 100/R/6/M 81.3 83.1 -2.2% 82.3 -1.2%
45 100/R/6/H 91.5 94.2 -2.9% 92.8 -1.4%
46 100/RC/6/L 82.5 84.6 -2.5% 84.8 -2.7%
47 100/RC/6/M 104.0 103.2 0.8% 103.6 0.4%
48 100/RC/6/H 118.6 119.5 -0.8% 119.5 -0.8%

Min. ∆obj -8.5% -9.5%
Avg. ∆obj -1.8% -1.9%
Max. ∆obj 3.6% 3.6%
Min. CPU(s) 44.41 66.28 66.6
Avg. CPU(s) 630.73 390.25 405.32
Max. CPU(s) 1491.61 851.89 904.9635



Table 10: TSC versus Short Run TSB

Ins. No. Ins. Name TSC TSB ∆B
obj

1 25/R/2/L 74.8 74.8 0.0%
2 25/R/2/M 103.6 103.2 0.4%
3 25/R/2/H 123.4 123.4 0.0%
4 25/RC/2/L 49.2 49.2 0.0%
5 25/RC/2/M 82.6 82.5 0.1%
6 25/RC/2/H 104.0 103.9 0.1%
7 25/R/3/L 63.4 63.3 0.2%
8 25/R/3/M 77.5 77.4 0.1%
9 25/R/3/H 96.2 96.6 -0.4%
10 25/RC/3/L 70.1 70 0.1%
11 25/RC/3/M 82.6 81.4 1.5%
12 25/RC/3/H 90.3 90.2 0.1%
13 50/R/3/L 79.2 80.7 -1.9%
14 50/R/3/M 97.3 103.8 -6.3%
15 50/R/3/H 130.7 131.2 -0.4%
16 50/RC/3/L 74.1 73 1.5%
17 50/RC/3/M 94.3 96.3 -2.1%
18 50/RC/3/H 125.2 123.4 1.5%
19 50/R/4/L 84.3 86.8 -2.9%
20 50/R/4/M 94.3 97.3 -3.1%
21 50/R/4/H 104.5 107.6 -2.9%
22 50/RC/4/L 97.9 94.5 3.6%
23 50/RC/4/M 100.2 101.9 -1.7%
24 50/RC/4/H 112.9 114.2 -1.1%
25 75/R/3/L 70.4 75.4 -6.6%
26 75/R/3/M 99.5 105.8 -6.0%
27 75/R/3/H 147.4 146.3 0.8%
28 75/RC/3/L 98.4 101.8 -3.3%
29 75/RC/3/M 127.1 133.1 -4.5%
30 75/RC/3/H 152.4 154.1 -1.1%
31 75/R/4/L 75.9 78.7 -3.6%
32 75/R/4/M 83.1 88.8 -6.4%
33 75/R/4/H 101.1 101.8 -0.7%
34 75/RC/4/L 94.2 92.1 2.3%
35 75/RC/4/M 100.9 104.5 -3.4%
36 75/RC/4/H 118.6 118.6 0.0%
37 100/R/3/L 72.8 79.2 -8.1%
38 100/R/3/M 110.7 110.4 0.3%
39 100/R/3/H 155.8 153.8 1.3%
40 100/RC/3/L 79.5 79.7 -0.3%
41 100/RC/3/M 112.9 120.2 -6.1%
42 100/RC/3/H 149.1 155.5 -4.1%
43 100/R/6/L 70.3 73.3 -4.1%
44 100/R/6/M 81.3 82.3 -1.2%
45 100/R/6/H 91.5 92.8 -1.4%
46 100/RC/6/L 82.5 84.6 -2.5%
47 100/RC/6/M 104.0 103.2 0.8%
48 100/RC/6/H 118.6 119.5 -0.8%

Min. ∆obj -8.1%
Avg. ∆obj -1.5%
Max. ∆obj 3.6%
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Table 11: TSC versus Long Runs of TSI and TSL

Ins. No. Ins. Name TSC TSI ∆I
obj TSL ∆L

obj

1 25/R/2/L 74.8 74.8 0.0% 74.8 0.0%
2 25/R/2/M 103.6 101.6 2.0% 101.6 2.0%
3 25/R/2/H 123.4 123.4 0.0% 123.4 0.0%
4 25/RC/2/L 49.2 49.2 0.0% 49.2 0.0%
5 25/RC/2/M 82.6 82.5 0.1% 82.5 0.1%
6 25/RC/2/H 104.0 103.9 0.1% 103.9 0.1%
7 25/R/3/L 63.4 63.3 0.2% 63.3 0.2%
8 25/R/3/M 77.5 77.4 0.1% 77.4 0.1%
9 25/R/3/H 96.2 96.2 0.0% 96.6 -0.4%
10 25/RC/3/L 70.1 70 0.1% 70 0.1%
11 25/RC/3/M 82.6 81.4 1.5% 81.8 1.0%
12 25/RC/3/H 90.3 90.2 0.1% 90.2 0.1%
13 50/R/3/L 79.2 79.1 0.1% 78.9 0.4%
14 50/R/3/M 97.3 101.5 -4.1% 99.6 -2.3%
15 50/R/3/H 130.7 129.4 1.0% 131 -0.2%
16 50/RC/3/L 74.1 73 1.5% 73 1.5%
17 50/RC/3/M 94.3 96 -1.8% 94.6 -0.3%
18 50/RC/3/H 125.2 123.4 1.5% 123.4 1.5%
19 50/R/4/L 84.3 86.3 -2.3% 86.6 -2.7%
20 50/R/4/M 94.3 97.3 -3.1% 97.8 -3.6%
21 50/R/4/H 104.5 104.5 0.0% 106 -1.4%
22 50/RC/4/L 97.9 94.5 3.6% 94.5 3.6%
23 50/RC/4/M 100.2 101.9 -1.7% 101.9 -1.7%
24 50/RC/4/H 112.9 114 -1.0% 114.1 -1.1%
25 75/R/3/L 70.4 75.3 -6.5% 75.3 -6.5%
26 75/R/3/M 99.5 107.2 -7.2% 105.8 -6.0%
27 75/R/3/H 147.4 147 0.3% 146.3 0.8%
28 75/RC/3/L 98.4 100.6 -2.2% 100.9 -2.5%
29 75/RC/3/M 127.1 133.1 -4.5% 134.3 -5.4%
30 75/RC/3/H 152.4 153.9 -1.0% 154 -1.0%
31 75/R/4/L 75.9 78.7 -3.6% 77.8 -2.4%
32 75/R/4/M 83.1 88.4 -6.0% 88.3 -5.9%
33 75/R/4/H 101.1 101.8 -0.7% 100.7 0.4%
34 75/RC/4/L 94.2 92.1 2.3% 92.1 2.3%
35 75/RC/4/M 100.9 104.5 -3.4% 104.5 -3.4%
36 75/RC/4/H 118.6 118.6 0.0% 118.6 0.0%
37 100/R/3/L 72.8 77.4 -5.9% 79.2 -8.1%
38 100/R/3/M 110.7 110.3 0.4% 109.4 1.2%
39 100/R/3/H 155.8 153.3 1.6% 152.1 2.4%
40 100/RC/3/L 79.5 79.7 -0.3% 80.6 -1.4%
41 100/RC/3/M 112.9 119.3 -5.4% 119.7 -5.7%
42 100/RC/3/H 149.1 155.1 -3.9% 155.5 -4.1%
43 100/R/6/L 70.3 73.7 -4.6% 73.3 -4.1%
44 100/R/6/M 81.3 82.3 -1.2% 82.3 -1.2%
45 100/R/6/H 91.5 93.7 -2.3% 93.7 -2.3%
46 100/RC/6/L 82.5 83.5 -1.2% 84.5 -2.4%
47 100/RC/6/M 104.0 103.2 0.8% 103.6 0.4%
48 100/RC/6/H 118.6 119.4 -0.7% 119.5 -0.8%

Min. ∆obj -7.2% -8.1%
Avg. ∆obj -1.2% -1.2%
Max. ∆obj 3.6% 3.6%
Min. CPU(s) 44.41 491.26 465.34
Avg. CPU(s) 630.73 2411.6 2317.04
Max. CPU(s) 1491.61 3600.00 3600.0037



Table 12: TSC versus Long Run TSB

Ins. No. Ins. Name TSC TSB ∆B
obj

1 25/R/2/L 74.8 74.8 0.0%
2 25/R/2/M 103.6 101.6 2.0%
3 25/R/2/H 123.4 123.4 0.0%
4 25/RC/2/L 49.2 49.2 0.0%
5 25/RC/2/M 82.6 82.5 0.1%
6 25/RC/2/H 104.0 103.9 0.1%
7 25/R/3/L 63.4 63.3 0.2%
8 25/R/3/M 77.5 77.4 0.1%
9 25/R/3/H 96.2 96.2 0.0%
10 25/RC/3/L 70.1 70 0.1%
11 25/RC/3/M 82.6 81.4 1.5%
12 25/RC/3/H 90.3 90.2 0.1%
13 50/R/3/L 79.2 78.9 0.4%
14 50/R/3/M 97.3 99.6 -2.3%
15 50/R/3/H 130.7 129.4 1.0%
16 50/RC/3/L 74.1 73 1.5%
17 50/RC/3/M 94.3 94.6 -0.3%
18 50/RC/3/H 125.2 123.4 1.5%
19 50/R/4/L 84.3 86.3 -2.3%
20 50/R/4/M 94.3 97.3 -3.1%
21 50/R/4/H 104.5 104.5 0.0%
22 50/RC/4/L 97.9 94.5 3.6%
23 50/RC/4/M 100.2 101.9 -1.7%
24 50/RC/4/H 112.9 114 -1.0%
25 75/R/3/L 70.4 75.3 -6.5%
26 75/R/3/M 99.5 105.8 -6.0%
27 75/R/3/H 147.4 146.3 0.8%
28 75/RC/3/L 98.4 100.6 -2.2%
29 75/RC/3/M 127.1 133.1 -4.5%
30 75/RC/3/H 152.4 153.9 -1.0%
31 75/R/4/L 75.9 77.8 -2.4%
32 75/R/4/M 83.1 88.3 -5.9%
33 75/R/4/H 101.1 100.7 0.4%
34 75/RC/4/L 94.2 92.1 2.3%
35 75/RC/4/M 100.9 104.5 -3.4%
36 75/RC/4/H 118.6 118.6 0.0%
37 100/R/3/L 72.8 77.4 -5.9%
38 100/R/3/M 110.7 109.4 1.2%
39 100/R/3/H 155.8 152.1 2.4%
40 100/RC/3/L 79.5 79.7 -0.3%
41 100/RC/3/M 112.9 119.3 -5.4%
42 100/RC/3/H 149.1 155.1 -3.9%
43 100/R/6/L 70.3 73.3 -4.1%
44 100/R/6/M 81.3 82.3 -1.2%
45 100/R/6/H 91.5 93.7 -2.3%
46 100/RC/6/L 82.5 83.5 -1.2%
47 100/RC/6/M 104.0 103.2 0.8%
48 100/RC/6/H 118.6 119.4 -0.7%

Min. ∆obj -6.5%
Avg. ∆obj -1.0%
Max. ∆obj 3.6%
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Table 13: TSC versus Warmed up CPLEX
Ins. No. Ins. Name TSC Warmed up CPLEX ∆wuCPLEX

obj

1 25/R/2/L 74.8 74.8 0.0%
2 25/R/2/M 103.6 101.6 2.0%
3 25/R/2/H 123.4 123.4 0.0%
4 25/RC/2/L 49.2 49.2 0.0%
5 25/RC/2/M 82.6 82.5 0.1%
6 25/RC/2/H 104.0 103.9 0.1%
7 25/R/3/L 63.4 63.3 0.2%
8 25/R/3/M 77.5 77.4 0.1%
9 25/R/3/H 96.2 95.2 1.1%
10 25/RC/3/L 70.1 70 0.1%
11 25/RC/3/M 82.6 80.9 2.1%
12 25/RC/3/H 90.3 90.2 0.1%
13 50/R/3/L 79.2 78.4 1.0%
14 50/R/3/M 97.3 100 -2.7%
15 50/R/3/H 130.7 128.6 1.6%
16 50/RC/3/L 74.1 72.2 2.6%
17 50/RC/3/M 94.3 95.1 -0.8%
18 50/RC/3/H 125.2 123.4 1.5%
19 50/R/4/L 84.3 85.1 -0.9%
20 50/R/4/M 94.3 97.3 -3.1%
21 50/R/4/H 104.5 107.5 -2.8%
22 50/RC/4/L 97.9 94.5 3.6%
23 50/RC/4/M 100.2 101.9 -1.7%
24 50/RC/4/H 112.9 113.7 -0.7%
25 75/R/3/L 70.4 74.9 -6.0%
26 75/R/3/M 99.5 103.6 -4.0%
27 75/R/3/H 147.4 145 1.7%
28 75/RC/3/L 98.4 101.2 -2.8%
29 75/RC/3/M 127.1 133.1 -4.5%
30 75/RC/3/H 152.4 153.6 -0.8%
31 75/R/4/L 75.9 78.6 -3.4%
32 75/R/4/M 83.1 87 -4.5%
33 75/R/4/H 101.1 101.2 -0.1%
34 75/RC/4/L 94.2 92.1 2.3%
35 75/RC/4/M 100.9 104.5 -3.4%
36 75/RC/4/H 118.6 118.6 0.0%
37 100/R/3/L 72.8 77.4 -5.9%
38 100/R/3/M 110.7 108.6 1.9%
39 100/R/3/H 155.8 151.2 3.0%
40 100/RC/3/L 79.5 79.7 -0.3%
41 100/RC/3/M 112.9 118.7 -4.9%
42 100/RC/3/H 149.1 152.1 -2.0%
43 100/R/6/L 70.3 73.3 -4.1%
44 100/R/6/M 81.3 82.3 -1.2%
45 100/R/6/H 91.5 92.8 -1.4%
46 100/RC/6/L 82.5 84.6 -2.5%
47 100/RC/6/M 104.0 103.2 0.8%
48 100/RC/6/H 118.6 119.5 -0.8%

Min ∆obj -6.0%
Avg. ∆obj -0.8%
Max. ∆obj 3.6%
Min. CPU(s) 44.41 7200.00+
Avg. CPU(s) 630.73 7200.00+
Max. CPU(s) 1491.61 7200.00+39



APPENDIX B

AVERAGE OBJECTIVE VALUES ACCORDING TO

CHARACTERISTICS OF THE INSTANCES

Distribution Type TSC TSI S.Run TSI L.Run Warmed up CPLEX

Random 104.8 107.1 106.3 105.5

Random-clustered 91.5 92.8 92.4 92.3

Table 14: Average objective values according to distribution amongst the network

Team Level TSC TSI S.Run TSI L.Run Warmed up CPLEX

Low 95.4 97.7 96.8 96.2

High 100.9 102.1 101.8 101.6

Table 15: Average objective values according to team number level

Please note that, each instance with a fixed number of nodes, fixed type of distribution

amongst the network, and fixed level of coverage ratio have 2 different levels of team

number. Thus, the team number level can be divided into 2; low and high. Low

level of teams can mean 2 for the instances with 25 nodes, and can mean 3 for the

instances with 50 nodes, and so on.

Coverage Ratio Level TSC TSI S.Run TSI L.Run Warmed up CPLEX

Low 77.3 78.8 78.2 78.1

Medium 97.0 99.8 99.2 98.6

High 120.1 121.2 120.5 120.0

Table 16: Average objective values according to coverage ratio level
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APPENDIX C

LINEAR REGRESSION GRAPHICS OF OBJECTIVE

VALUE DIFFERENCE AMONGST DIFFERENT

BENCHMARK ALGORITHMS

Figure 11: Objective value difference (%) for each instance vs. TSI LongRun

41



Figure 12: Objective value difference (%) for each instance vs. Warmed up CPLEX

It can be seen that the claim that when the instance size grows up, the improvement

in the objective value difference tend to grow up, as mentioned earlier, still holds when

TSC is compared with different methods as well. Also, the p-value for the regressions

in Fig. 11 and Fig. 12 are 0.019 and 0.022, respectively.
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