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Abstract

The large-scale optimization problem requires some optimization techniques,
and the Metaheuristics approach is highly useful for solving difficult optimi-
zation problems in practice. The purpose of the research is to optimize the
transportation system with the help of this approach. We selected forest ve-
hicle routing data as the case study to minimize the total cost and the distance
of the forest transportation system. Matlab software helps us find the best so-
lution for this case by applying three algorithms of Metaheuristics: Genetic
Algorithm (GA), Ant Colony Optimization (ACO), and Extended Great De-
luge (EGD). The results show that GA, compared to ACO and EGD, provides
the best solution for the cost and the length of our case study. EGD is the
second preferred approach, and ACO offers the last solution.

Keywords

Metaheuristics Algorithms, Transportation Costs, Optimization Approach,
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1. Introduction

In recent years, many studies have been carried out on the development of heu-
ristics and Metaheuristics. The large-scale optimization problem needs some op-
timization techniques to search the problem space profoundly and to optimize
the problem efficiently and effectively [1]. Metaheuristics solve difficult optimi-
zation problems in practice. The process of getting forest goods from suppliers
to consumers is known as the distribution of forest products. Transportation
expenses usually account for 10% - 20% of the overall cost of items sold accord-

ing to [2].
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The first point is that the forest sector accounts for a considerable share of
exports from nations like Chile, Canada, Sweden, Finland, and New Zealand,
according to [2]. At almost $26 billion in 2011, Canada ranked as the world’s top
exporter of forest products, according to Natural Resources Canada. Thus, this
industry ranks second in terms of exports, behind the oil and gas industry. The
second point is that a large portion of the total operating costs of a forest may be
attributed to transportation [2]. Thirdly, for the forest industry to remain com-
petitive, it must be guaranteed to retain or increase the efficacy of all of its activi-
ties [2]. In the last 20 years, metaheuristics have proven particularly effective in
solving the vehicle routing problem. Every route begins with the first client, and
further customers are added one at a time until the capacity or time limit is
reached. Next, utilizing local search heuristics tailored to routing issues, this pre-
liminary solution is enhanced.

The first problem is related to the total costs of the forest transportation sys-
tem by a significant wooden company that distributes wood products from the
depot of the company to its customers in different cities. The second problem
refers to the total distance of this forest transportation system. The purpose of
this study is to minimize the total cost and the total length of this transportation
system and then compare the cost and the length of this case to find the best so-
lution. This is based on three algorithms (EGD/GA/ACO) releasing a good solu-
tion of forest routing optimization independently of parameters. The rest of the
paper is organised as follows. First, the paper provides an overview of three me-
taheuristic algorithms in Section 2. Next, we discuss the research methods used
to optimize the model in Section 3. Then, the mathematical model and case
study is outlined in Section 4. All results are described in Section 5. Then, the
results are discussed in Section 6, which is called Discussion. Finally, we briefly

present the conclusions in Section 7.

2. Research Background

2.1. The Use of Metaheuristics

Techniques for solving combinatorial problems fall into two broad groups - tra-
ditional optimization techniques (exact algorithms) and nontraditional optimi-
zation techniques (approximate algorithms) [3]. This author states traditional
optimization technique guarantees that the optimal solution to the problem will
be found. This author continues the traditional optimization techniques like
branch and bound, simplex method, brute force search algorithm etc. metho-
dology is very inefficient for solving combinatorial problems because of their
prohibitive complexity (time and memory requirement). Nontraditional opti-
mization techniques are employed in an attempt to find an adequate solution to
the problem [3]. A nontraditional optimization technique—Memetic algorithm,
genetic algorithm, simulated annealing and tabu search were developed to pro-
vide a robust and efficient methodology for cryptanalysis [3]. The aim of these

techniques is to find a sufficient “good” solution efficiently with the characteris-
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tics of the problem, instead of the global optimum solution, and thus it also pro-
vides an attractive alternative for large-scale applications, according to [3].
Metaheuristics have been demonstrated by the scientific community to be a
viable, and often superior, alternative to more traditional (exact) methods of
mixed-integer optimization such as branch and bound and dynamic program-
ming [4]. The use of Metaheuristic techniques allows us to obtain reasonably
good solutions without having to explore the whole solution space [5]. Especially
for complicated problems or large problem instances, Metaheuristics are often
able to offer a better trade-off between solution quality and computing time [4].
Moreover, they assert Metaheuristics are more flexible than exact methods in
two important ways. First, because Metaheuristics frameworks are defined in
general terms, Metaheuristics algorithms can be adapted to fit the needs of most
real-life optimization problems in terms of expected solution quality and allowed
computing time, which can vary greatly across different problems and different
situations [4]. Secondly, Metaheuristics do not put any demands on the formula-
tion of the optimization problem (like requiring constraints or objective func-
tions to be expressed as linear functions of the decision variables), according to
them. However, they highlight this flexibility comes at the cost of requiring con-

siderable problem-specific adaptation to achieve good performance.

2.2. Genetic Algorithm (GA)

Genetic algorithms are population-based Meta heuristics. GA is an evolutionary
computation technique that replicates the mechanism of biological evolution
and natural selection process [6]. They continue GAs follow Charles Darwin’s
principles, based on which the fittest individuals have the highest chance of sur-
vival. The algorithm, according to these authors, works with a population of po-
tential solutions, represented by chromosomes, and each chromosome (solution)
carries encoded information represented by genes. GA works iteratively and
modifies the population of solutions [6]. These are the steps they explain for GA
process: a) at each step, they explain it selects individuals from the current pop-
ulation to play the role of parents and produce the children for the next genera-
tion; b) the selection process gives preference to the fittest individuals to let them
pass the quality genes to the next generation; c) a fitness function is used to eva-
luate the potential solutions and a fitter solution is the one with a better fitness
value; d) this fitness function can be identical to the objective function; e) a new
population of solutions is created using genetic operators. The most popular ge-
netic operators are 1) the crossover operator that generates new solutions by
combining pairs of existing solutions and 2) the mutation operator that main-
tains diversity in the population by making small changes to the genes of indi-
vidual solutions [6]. This evolutionary process, according to them, is stopped
when a termination criterion or one of the termination criteria is met; can be a
certain number of iterations, a specific runtime, a certain fitness value, or when

no more improvement occurs in the fitness value in consecutive iterations.
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2.3. Extended Great Deluge (EGD)

The great deluge algorithm is a local search procedure that was introduced by
Dueck in 1993. The idea of the great deluge comes from the analogy that a per-
son climbs a hill and tries to move in any direction of finding a way up to keep
his feet dry as the water level rises during a great deluge [7]. Inserting a great
deluge algorithm within a genetic algorithm is considered an effective way to
produce a high-quality solution rather than using a genetic algorithm alone [7].
The study [7] explains that like other local search methods, the extended great
deluge iteratively repeats the replacement of a current solution by a new one,
until some stopping condition has been satisfied. They also say a new solution is
selected from a neighborhood. The mechanism of accepting or rejecting the
candidate solution from the neighborhood is different from other methods, ac-
cording to them. In the extended great deluge approach, the algorithm accepts a
solution whose objective function value is more than or equal (for the maximi-

zation problems) to the upper limit [8].

2.4. Ant Colony Optimization (ACO)

The idea of employing a colony of simple cooperating agents to solve combina-
torial optimization problems was proposed by [9]. The ant algorithm was in-
spired by the collective performance of real-life ant colonies [10]. Ant colony
optimization shows very good results in each applied area. The ant colony has
also been adapted with success to other combinatorial optimization problems
such as the vehicle routing problem, telecommunication networks management,
graph coloring, constraint satisfaction, and Hamiltonian graphs [10]. The au-
thors [10] explain how the ants act to find the best route solutions when they
search for food. Ants lay down in some quantity an aromatic substance, known
as pheromone, in their way from food [10]. They assert the pheromone quantity
depends on the length of the path and the quality of the discovered food source.
An ant chooses a specific path in correlation with the intensity of the phero-
mone; and the pheromone trail evaporates over time if no more pheromone is
laid down, according to them. Other ants can observe the pheromone trail and
are attracted to follow it; thus, the path will be marked again and will therefore
attract more ants [10]. They define the pheromone trail on paths leading to rich
food sources close to the nest will be more frequented and will therefore grow
faster; in that way, the best solution has more intensive pheromone and a higher
probability to be chosen. The described behavior of real ant colonies can be used
to solve combinatorial optimization problems by simulation: artificial ants
searching the solution space simulate real ants searching their environment, ac-
cording to them. They state the objective values correspond to the quality of the
food sources. The authors in [10] explain that the ACO approach associates
pheromone trails to features of the solutions of a combinatorial problem, which
can be seen as a kind of adaptive memory of the previous solutions; in addition,
the artificial ants are equipped with a heuristic function to guide their search

through the set of feasible solutions. Solutions are iteratively constructed in a
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randomized heuristic fashion biased by the pheromone trails left by the previous
ants. The pheromone trails are updated after the construction of a solution, en-
forcing that the best features will have a more intensive pheromone, according

to them.

3. Research Methods

To achieve our objectives, we reviewed literature by reading academic articles
and books to learn about Metaheuristics techniques and select the right Meta-
heuristics algorithms for the case study. Therefore, the authors applied three al-
gorithms (GA, ACO, and EGD) to minimize the total cost and the total length of
the forest transportation system.

Matlab software was used to find the best solutions for these algorithms. Va-
lidating the obtained results to compare the results with the previous studies
came two important to make to the last step.

Metaheuristic techniques prepare reasonably good solutions without explor-
ing the space of the whole solution [5]. Metaheuristics often can offer a better
trade-off between the solution quality and computing time, especially for com-
plicated or large-scale problems [4]. Moreover, they assert two important ways
to make Metaheuristics more flexible than other methods. First, Metaheuristics
algorithms can fulfill the needs of most real-life optimization problems regard-
ing the quality of the expected solution and allow computing time, which are
different in problems and situations [4]. Secondly, there are no demands on the
formulation of the optimization problem in Metaheuristics (for instance, re-
quiring limitations or objective functions to be stated as linear functions of the
decision variables), according to them. However, they highlight that his flexibil-
ity comes at the cost of requiring significant problem-specific adaptation to at-
tain good performance.

The most usage of Metaheuristic strategy applied to the variable selection
problem is the Genetic Algorithm (GA) [5]. GA is a population-based Metaheu-
ristics and is an evolutionary computation technique replicating the mechanism of
biological evolution and the process of natural selection [6]. They continue GAs
follow Charles Darwin’s principles, based on which the fittest individuals have
the highest chance of survival. According to these authors, the algorithm works
with a potential solutions population represented by chromosomes, and each
chromosome (solution) carries encoded information represented by genes.

The Extended Great Deluge (EGD) algorithm is a local search procedure in-
troduced by [11]. The idea of this algorithm comes from the analogy that an in-
dividual climbs a hill and tries to move in any direction to find a way up to keep
his feet dry as the water level rises during a great deluge [7].

[9] and [12] proposed the idea of Ant Colony Optimization (ACO) to solve
combinatorial optimization problems. The ant algorithm was inspired by the
collective performance of real-life colonies [10]. ACO shows particularly good

results in an applied area. The ant colony uses other combinatorial optimization
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problems such as the problem of vehicle routing, telecommunication networks
management, graph coloring, constraint satisfaction, and Hamiltonian graphs
[10].

4. Mathematical Model and Case Study

The heuristic solutions quality differs and depends on the methods used [5].
Metaheuristics techniques have proved to be superior methodologies in various
optimization problems [5]. The success of methods (such as GA, SA, TS, SS, AS,
and so forth) depends on some factors such as their ability to consider specific
constraints arising in practical applications, their ease of implementation, and
the quality of the solutions they produce [13].

This research refers to a real-life location routing problem encountered by a
major wooden company distributing wood products from the company’s depot
to its customers located in various cities. The data of 50 customers comes from
[14] paper (Table 1). According to the literature review, we decided to use three
algorithms to solve the factory’s localization problem, the dimensioning prob-
lem, and the forest products vehicle problem: GA, ACO, and EGD.

The other important information used in MATLAB software for three differ-
ent algorithms (GA, ACO, and EGD) is as follows:

Population size: 50

Number of generations: 50

Crossover probability: 0.8

Mutation probability: 0.25

Three different threshold values el: 1%, 3% and 5%

Size of the Restricted Candidate List: 20

The location: Kilometer

The central depot of all customers is started to serve in the location: (0, 0)

The central depot is open: 0 hr to 40 hr

The fleet is: homogeneous.

The average speed of vehicles: 65 Km/h

The cost of transport: 2.8 $

The vehicles used have a load capacity Q: 50 cubic meters

Total number of vehicles: 9

The total cost of transport is a mathematical model shown in Equation (1).
This model is adapted from [4].

L+1 L+1

The MinC,=MC, +> j:lZLcijk D; Xiie
+(Cy +Cdt)zi|j11 I}:Z:‘:lxijk (T” +Wj + Sj)

The elements of this function are as follows:
MCr= the total vehicles fixed cost

Cr= the unit vehicle fixed cost, covering loading and unloading
L+1 L+1
EWAE

(1

ZLCijk D; Xj = the total distance cost summation

Cji = the unit cost of transport per kilometer of vehicle k& from 7to j
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Table 1. Costumers’ demand [14].

Customer Location Demand (m®)  Start time Finish time
1 50 =290 29.379 0 40
2 -120 -250 3.711 0 40
3 -90 =250 23.664 0 40
4 —145 =320 4.79 0 40
5 -100 -390 4.517 0 40
6 -80 -390 2.018 0 40
7 -82 -337 1.57 0 40
8 -40 -332 5.317 0 40
9 -46 -324.5 13.403 0 40
10 -42 —286 3.725 0 40
11 -63 -200.5 6.676 0 40
12 -112.5 -199 6.78 0 40
13 -38 —242 4.3 0 40
14 9 -251 2.065 0 40
15 40 -230 5.335 0 40
16 -159 -108 3.797 0 40
17 -211 -126 0.856 0 40
18 —142 -163 5.631 0 40
19 -121 —242 1.496 0 40

20 -124 -213 24.741 0 40
21 -61 -6 3.464 0 40
22 -79 -11 3.691 0 40
23 =51 14 1.293 0 40
24 =117 18 7.899 0 40
25 -126 -8 2.255 0 40
26 -88 -28 2.664 0 40
27 -95 -9 1.504 0 40
28 -112 -54 0.859 0 40
29 3 -3 8.319 0 40
30 38 =29 1.299 0 40
31 -35 -41 1.715 0 40
32 -5 39 1.535 0 40
33 46 48 6.198 0 40
34 91 52 18.079 0 40
35 187 47 2.008 0 40
36 225 19 1.692 0 40
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Continued
37 -40.5 -97.5 44.018 0 40
38 -90 -100 6.067 0 40
39 -83 -118 0.539 0 40
40 0.5 =117 2.432 0 40
41 -180 468 1.978 0 40
42 -106 126 7.446 0 40
43 -269 81 11.174 0 40
44 34.5 237.5 43.413 0 40
45 149.5 45 0.744 0 40
46 -195 -198 2.103 0 40
47 =200 =207 1.829 0 40
48 =52 -231 0.676 0 40
49 5 —446 3.978 0 40
50 109.5 38 3.116 0 40

D = the distance between two locations 7and ;
X = vehicle k go from 7to j

L+1 L+1 m . .
(Ca+Ca) 2 20 2o X ('I'ij +W,, +Sj) = the total vehicles route time

i=1 £aj=1
cost and total drivers work time cost summations
C,: = the unit vehicle route time cost
Cy = the unit driver’s work time cost
Wix = the vehicle k waiting time at customer /
S; = the customer jservice time

Equation (2) shows the time spent from 7to /.

T, =D ie[LL+1];je[LL+1] )

W, =max(T¢ -T, -0) ie[LL+1];ke[Lm] 3)

The definitions of elements are:

T = vehicle karrival time to customer 7
Wi = vehicle kwaiting time at customer 7
S; = customer 7service time

There are nine constraints restrictions:

The vehicle ktotal load cannot exceed the maximum vehicle load @
ZSQijj <Q  ke[tm] (4)
Every customer is served only by one vehicle:
SeYe=1  je[LL+1] (5)
Customer jis served by vehicle & passing through 7 for every customer:

YU =Yy je[tL+1)ike[Lm] ©)
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The variable Yj;is binary:

1, the customer j is served by the vehicle k
ki = . (7)
0, otherwise

The variable X is binary:

|1, vehicle k goes from i to j )
%10, otherwise
The bond between vehicle karrival times to customers 7and /
X =(Tik +W, +S, +T”.)=Tjk i, je[LL+1];k e[L,m] 9)

The service at customer j must be completed before 7}, the end of the vehicle

ktime:
o 2 X (T +Wy +8, )<, ke[Lm] (10)
No customer can be served before his time of beginning:
T, 2T’ je[lLL+]] (11)
No customer can be served after his time of the end:

T,<T; je[LL+1] (12)

The distance between two locations x; and x;is calculated with Equation (13).

D”.:\/(xi—xj)2+(\(i—\(j)2 i, je[LL+1] (13)

We used the cost calculation data of [2] in which the unit vehicle fixed cost is
¢r= 160 $, the unit vehicle route time cost is ¢,, = 120 $, the unit driver work

time cost is ¢ = 18 $ and all service times are s;= 0.

5. Results

People, in real-world applications, are more interested in finding good solutions
in a reasonable amount of time instead of being obsessed with optimal solutions
[5]. As mentioned before, this study refers to the problem of real-life location
routing. A major wooden company distributes wood products from the compa-
ny’s depot to its customers located in various cities. The data comes from the
study of [14]. Three algorithms (GA, ACO, and EGD) were selected to solve the
cost and length problems of the forest transportation system. We used MATLAB
software to find the best solutions for these algorithms. The results of each algo-

rithm are illustrated in different following sections.

5.1. Results Obtained by Genetic Algorithm

The most popular genetic operators are (1) crossover operators that generate
new solutions by combining some of the existing solutions and (2) mutation op-
erators that maintain diversity in the population by making small changes to the
genes of individual solutions [6]. For our case study, the result obtained by the
GA shows the best cost is 19901.1417 $ and the total distance is 1093.46 (km).
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This came from MATLAB software in 1540.7213 seconds. Figure 1 shows the
best cost of the GA forest vehicle routing convergence graphic. Figure 2 illu-
strates the GA forest vehicle routing optimization graphic in which the vehicles’
routes have different colors. There are nine vehicles and 50 customers. The cen-
tral depot is also shown with a blue dot in the center. In this figure, each vehicle
passed the specific route to some customers; each vehicle route is shown by one
color. Therefore, nine different colors show nine vehicle routes. Table 2 shows
the GA route for each vehicle, the length of each route, and the capacity used by
each vehicle. The maximum capacity of each vehicle is 50 m? the number of

customers is 50, and the number of vehicles is 9.

5.2. Results Obtained by Ant Colony Optimization

ACO algorithms are population-based optimization approaches that have been
applied with success to solve various combinatorial optimization problems, such
as the traveling salesman problem [10]. We also used this algorithm for our case
study to solve the problem with MATLAB software. In 1889.60 seconds, the
software shows the best cost of 42345519.77 $ and the total distance of 1679.81
(km) for this case. Figure 3 and Figure 4 show the cost of the ACO forest ve-
hicle routing convergence graphic and the ACO forest vehicle routing optimiza-
tion graphic, respectively. Figure 4 shows various routes passed by nine vehicles;
the specific route of each vehicle allocates one color. The central depot is blue in
the figure. Table 3 illustrates the routes of nine vehicles, the length of each route,
and the capacity used by each vehicle (m?). There are nine vehicles, 50 custom-

ers, and a maximum vehicle capacity of 50 m? for each.

5.3. Results Obtained by Extended Great Deluge

Using a mathematical model in the Extended Great Deluge (EGD) algorithm
seems useful as we aim to minimize the total transport cost as well as the total
distance that each vehicle should pass.

The EGD method converges in 6000 iterations, with the best distance of
4383.3053 (km), the best cost of 48930.6899 $, and 3110.01 seconds. Figure 5
shows the EGD forest vehicle routing cost convergence graphic. It illustrates that
the best cost converges into approximately 50,000 $ after 6000 iterations. Figure
6 shows the EGD forest vehicle routing optimization graphic. In this figure, each
color clarifies the route of each vehicle that passes its direction to different cost
customers blue point in the center is the central depot. Table 4 illustrates each
vehicle that passes the route to some customers (EGD Rout), the length of each
route, and the vehicle capacity. In this case, there are nine vehicles with a maxi-

mum capacity of 50 m>.

6. Discussion: Comparison of GA, ACO, and EGD Results

Table 5 clearly shows that in comparing three algorithms, GA proposes the best
cost of 19901.1417 $, the minimum distance (1093.46 km), and the computation
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x 10° GA

BEST

0.6
0.4

0.2 i

0 1000 2000 3000 4000 5000 6000
Iteration

Figure 1. Cost of GA forest vehicle routing convergence graphic.

500
—O0— Truck 1
—<— Truck 2
400 — Truck 3 7
Truck 4
—0— Truck 5
300 — Truck 6 ||
—0— Truck 7
—O0— Truck 8
20~ —o— Truck 9 |
B Center
100 - - —
> 0
-100 - —
200 - —
-300 - -
400 - / -
<50
500 | \ \ |
-300 200 -100 0 100 200 300
X
Figure 2. GA forest vehicle routing optimization graphic.
Table 2. Results for GA.
Capacity used b
No. of truck GA Route Length (km) P y, 3Y
each vehicle (m3)
1 [22, 43,17, 46,47, 2, 12] 147.82 30.144
2 [29, 36, 35, 50, 34, 33, 32] 78.77 40.947
3 [31, 20, 7, 49,9, 10] 150.38 49.132
4 [23, 41, 44] 166.11 46.684
5 (38,19, 4, 5, 6, 48, 40, 30] 137.71 23.295
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Continued
6 [45, 15,1, 8, 14] 147.39 42.84
7 [13, 3, 28, 25, 24, 26, 21] 110.90 45.105
8 [39, 11, 18, 16, 27, 42] 121.87 25.593
9 [37] 32.48 44.018
Total Distance: 1093.46
0 ACO
107 - ‘

——— BesT||
10° | |
10° - il
1 \ \ ! \ |

0 1000 2000 3000 4000 5000 6000
Iteration

Figure 3. Cost of ACO forest vehicle routing convergence graphic.

500
—0— Truck 1
—o— Truck 2
400 N Truck 3
T~ —o— Truck 4
—o— Truck 5
300 - Ny T o Truck 6 [
~ » 45 42 Irucl; ;
200 . ¥ el
™ o — 9~ Truck 9
/ B Center
100 — —
——037
> 0 —
-100 -
200 |
300 — —
400 - -
850
500 | \ \ \
-300 -200 -100 0 100 200 300

Figure 4. ACO forest vehicle routing optimization graphic.

DOI: 10.4236/wjet.2024.121009 152 World Journal of Engineering and Technology


https://doi.org/10.4236/wjet.2024.121009

H. Havaeji et al.

Table 3. Results for ACO.

vehice ACO Route Tam cuvehicle ('
1 [9,1] 111.38 42.782
2 [19, 3, 49, 36] 193.93 30.83
3 [20, 10, 5, 4, 18, 13, 48] 169.3 48.38
4 [33,44] 76.35 49.611
5 [30, 38, 37] 53.74 51.384
6 (2,6,11,12, 15,17, 24, 27, 28, 32, 35] 288.11 42.297
7 [29, 47, 25] 97.01 12.403
8 [43, 46, 34, 42, 45, 7, 16] 355.13 44913
9 (26,31, 8, 14, 21, 22, 23, 39, 40, 41] 334.86 25.158

Total Distance: 1679.81

X 105 EGD

BEST

Cost

0.8

0.6

0.4
0 1000 2000 3000 4000 5000 6000

Iteration

Figure 5. Cost of EGD forest vehicle routing convergence graphic.

4 Truck 1
Truck 2
Truck 3 ]
Truck 4
Truck 5
0~ Truck 6]
O Truck 7
Truck 8 ||
O Truck 9
B Center

42
43

-300 -200 -100 0 100 200 300

Figure 6. EGD forest vehicle routing optimization graphic.
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Table 4. Results for EGD.

Ijr(:ccl)(f EGD Route Length (km) iiiai:[zi:;ei:z;
1 [30, 50, 34, 45, 35, 36] 538.46 26.938
2 [31, 38, 18, 12, 3] 584.24 43.857
3 [32, 41, 44] 1057.49 46.926
4 [39,2,4,6,49,1] 1009.63 44.415
5 [33, 42, 43] 687.35 24.818
6 [21, 27, 28, 16, 17, 46, 47, 19, 20] 702.53 40.649
7 [10,9,8,7,5,15,40] 884.95 36.299
8 [29, 23, 22, 26, 24, 25] 325.77 26.121
9 [37, 11, 48, 13, 14] 560.24 57.735

Total Distance: 6350.66

Table 5. Compares the best solutions obtained by GA, ACO, and EGD.

GA ACO EGD
GA Length ACOL h EGD L h
No. of truck GA Route ng ACO Route engt EGD Route engt
(km) (km) (km)
(22, 43,17, 46, [30, 50, 34,
1 147.82 [9,1] 111.38 538.46
47,2 12] 45, 35, 36]
[29, 36, 35,
2 78.77 [19, 3, 49, 36] 193.93 [31, 38, 18, 12, 3] 584.24
50, 34, 33, 32]
[31, 20, 7, [20, 10,5, 4,
3 150.38 169.3 [32, 41, 44] 1057.49
49,9, 10] 18, 13, 48]
4 (23, 41, 44] 166.11 [33, 44] 76.35 [39,2,4,6,49,1] 1009.63
[38,19,4,5,
5 137.71 [30, 38, 37] 53.74 [33, 42, 43] 687.35
6, 48, 40, 30]
[2,6,11,12,15,17, [21,27, 28, 16, 17,
6 [45, 15,1, 8, 14] 147.39 288.11 702.53
24,27, 28, 32, 35] 46, 47, 19, 20]
[13, 3, 28, 25, (10,9, 8,7,
7 110.90 [29, 47, 25] 97.01 884.95
24, 26, 21] 5, 15, 40]
[39, 11, 18, [43, 46, 34, 42, [29, 23, 22,
8 121.87 355.13 325.77
16, 27, 42] 45,7, 16] 26, 24, 25]

[26, 31, 8, 14, 21,
9 [37] 32.48 334.86 [37, 11, 48, 13, 14] 560.24
22,23, 39, 40, 41]

Total Distance 1093.46 1679.81 6350.66
Computation Time
1540.7213 1889.60 3110.01
by Computer (sec)
Best Cost ($) 19901.1417 42345519.77 48930.6899
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Figure 7. Cost of GA forest vehicle routing convergence graphic after 100 iterations.
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Figure 8. Cost of ACO forest vehicle routing convergence graphic after 6000 iterations.

time (1540.7213 sec). On the other hand, EGD took the computation time with
3110.01 (sec), the best cost of 48930.6899 $, and the total distance of 6350.66
(km), and stands in the second position. ACO is the one that proposes the high-
est cost of these three algorithms.

Looking carefully at Figure 1, Figure 3, and Figure 5, we find out the cost of
the forest vehicle routing for GA, ACO, and EGD converge into the best cost in
different iterations: GA after around 100 iterations (see Figure 7); ACO after

DOI: 10.4236/wjet.2024.121009

155 World Journal of Engineering and Technology


https://doi.org/10.4236/wjet.2024.121009

H. Havaeji et al.

x 10° EGD
18 \ \
BEST
1.6 |
\
\\\\
N
14— \ —
\
3
12— \ B —
i
% \
Q %
o N\
1 \ i —
N
\\
e
\\
\ﬁ
0.8 N _
g
~—_
0.6 f— =
—
04 | | | | | | |
0 20 40 60 80 100 120 140 160 180 200

Iteration

Figure 9. Cost of EGD forest vehicle routing convergence graphic after 200 iterations.

around 6000 iterations (see Figure 8); and EGD after around 200 iterations (see
Figure 9). Therefore, we run MATLAB for these new iterations and compare
them in Figure 7, Figure 8, and Figure 9.

7. Conclusion

Transportation cost is a noticeable issue for each company to reduce cost and
distance. This study uses the Metaheuristics approach to solve this problem for
the transportation system in Forest Vehicle Routing adopted. We applied three
algorithms of Metaheuristics for this case study: Genetic Algorithm, Ant Colony
Optimization, and Extended Great Deluge. The authors then compare the best
cost, the total distance, and the computation time for these three algorithms. The
results show that the best solution for all three items (cost, distance, and com-
putation time) is for the GA. EGD stands in the second step for this case, and
ACO comes in the following. In some related studies, Tabu Search and EGD
were applied for the same case (with some minor differences), and the results of
the total cost and the total length for these two algorithms are higher than GA.
Therefore, GA is the preferred algorithm in this case study.
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