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Abstract: Ant Colony Optimisation (ACO) is a meta-heuristic method that has drawn much interest in solving
challenging optimisation issues. This paper examines the use of ACO to reduce the time spent on moving goods
and people in Covenant University's transportation system. Covenant University is a private Christian university
in Ota, Ogun State, Nigeria. Covenant University started on 21st October 2002, and since its opening, it has
grown to be one of the world-class universities that have been ranked and recognised all around the globe. The
data was collected from an article that computed the time per unit distance between origins and destinations
within the university using Google Maps. The three traditional transportation techniques (Northwest corner
method, least cost method, and Vogel's approximation method) alongside Ant colony meta-heuristics were used
to get the initial basic feasible solution, which gave (361.3, 361.7, 359.8, 361.7) minutes, respectively. Then, the
MODI approach was used to find the optimal solution (346.6 minutes). Also, the R programming language was
used to run the Codes for the three traditional methods and the ACO method, which gave the result of solving
manually. The optimal solution showed that if the time spent is reduced, the movement of people and goods
would be enhanced, resulting in more time to handle important matters.
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1 Introduction A particular kind of Linear Programming Problem
ACO was developed by Marco Dorigo in 1992, and (LPP) cglled the "Transportation problem" entails
it was the first swarm intelligence-based algorithm transporting gqods betw§en several sources and
[1]. It focuses on ants' foraging in their colony, which destinations while accounting for supply and demand
can be used to find the shortest route or path. at each point to reduce the total cost of transportation;
Hitchcock developed the transportation problem in 1t 1s also' known as the Hitchcock .prob'lem.
1941, focusing on minimising cost and maximising Transportation problems can be solved using linear
deals and profit in transportation. programming or by finding the initial essential
The application of ACO to transportation problems is feasible and optimal solutions. This paper focuses on

a method for finding the initial basic feasible the latter part of solving the transportation problem.
solution. It uses the behaviour of ants to find There are two types of transportation problems,
solutions to real-life issues, which makes it easier and which are balanced and unbalanced.

more reliable because of ants' intrinsic nature.
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The transportation problem can be solved in two
steps. Finding the initial basic feasible solution is the
first phase, and optimising the basic feasible solution
achieved in the first phase is the second phase, which
results in the optimal solution.

There are three methods of finding the initial basic
feasible solution, which are i) the Northwest Corner
Method, ii) the Least Cost Method, and iii) Vogel’s
Approximation Method. Finding the optimal solution
is 1) the Stepping Stone Method and ii) the Modified
Distribution Method.

Modelled transportation problem has to do firstly
with the source (i.e. where the transport is taking off
from), which correlates with the supply (i.e. how
much they can supply from that unit), then secondly,
the destination (i.e. where the delivery or where the
transport is going to stop) which correlates with the
demand (i.e. what they ask for to be supplied to
them). Transportation has been looked at in depth,
including intelligent transportation systems that use
big data to solve transportation problems [2].

Ant Colony Optimisation is a population-based meta-
heuristic that can be applied to complex optimisation
problems to find estimated solutions [3] [1]. An
improvement of optimisation algorithms based on an
ant colony's movements is known as ant colony
optimisation (ACO). Artificial "ants," or model
agents, navigate a bounded space representing all
potential solutions to find the best answers; while
examining their environment, real ants set aside the
pheromones that direct their species to the resources.
To aid in detecting better answers in subsequent
reproduction rounds, the model 'ants' also register
their places and the attributes of their solutions. The
simulated ants move across the graph to gradually
build solutions. The development of the stochastic
solution is influenced by the pheromone model, a set
of inventions related to the graph segment (either
nodes or edges) whose values are modified by the
ants at run-time. Numerous traditional combinatorial
optimisation issues and unique optimisation
problems with stochastic and active elements have
shown functional positivity for ACO. Instances are
the presentation of routing in communication
networks and a stochastic form of the distinguished
combinatorial optimisation problem, for instance, the
probabilistic  travelling salesperson  problem.
Similarly, ACO has been extended to handle infinite
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and mixed-variable optimisation situations. The most
well-known example of an artificial/engineering
swarm intelligence system  with  multiple
applicability to real-world issues is ant colony
optimisation.

Ant Behaviour: Like many other social insects, ants
communicate with one another using impulsive
chemical molecules called pheromones, whose
concentration and bearing are discernible through
their long, mobile antennae [4]. Karlson and Liischer
coined the term "pheromone" in 1959. It was derived
from the Greek words pherein, which means to
transport, and hormon, which means to stimulate.
Social insects utilise pheromones in several ways. An
example of a pheromone is the alarm pheromone,
which ants release in response to danger to notify
other ants in their nest and to set off behavioural
alarm reactions [5].

A meal trail pheromone is a noteworthy subset of
pheromones. Unlike flies, most ants are ground
dwellers who use the soil's surface well to leave
pheromone trails that other ants can follow as they
search for food. If they select the quickest route to the
food, ants will quickly return to the nest and mark
their route with food trail pheromones. As more ants
follow a road, it becomes increasingly appealing to
other ants. This path will gradually draw other ants to
follow. This auto-catalytic or optimistic response
mechanism  exemplifies ants' self-organising
behaviour. The stigmatised way ants find the shortest
route from their nest to food. The impulsive
pheromone smell gradually disappears, and no fresh
food pheromone tracks are muddied by returning ants
after the food supply is exhausted. Ants use this
unwanted response behaviour to help them adapt to
environmental changes.

This paper seeks to address the transportation
problem at Covenant University by employing ant
colony optimisation (ACO) metaheuristics to move
people and goods between multiple origins and
destinations efficiently. In previous times and
research, the three methods of solving transportation
problems (Northwest corner method, least cost
method and Vogel’s approximation method) have led
to either the feasible solution being far from the
optimal solution or the process of getting to the
possible solution have led to complication especially
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the Vogel’s approximation because of the long
process it requires.

1.1 Literature Review

[6] used the new method (Direct Sum Method) to
find the initial feasible solution in two numerical
examples, which were then compared to the
traditional methods (Least cost method, Northwest
corner method, and Vogel’s approximation method,
at the end of the paper, the Direct Sum method was
more efficient than the three methods.

[7] used Raval’s approximation method to find the
initial basic feasible solution and compared it to the
three primary traditional methods (Least cost
method, northwest corner method, and Vogel’s
approximation method).

[8] Examined how benchmark performance differs
from real-world problems and showed that
algorithms must be tested on both traditional
benchmarks and real-world applications to generalise
the results within Ant Colony Optimisation (ACO)
context. ACO and its scaling dynamics with the
parallel ACO designs of Parallel Ants (PA) and
Independent Ant Colonies (IAC). The results showed
that PA could achieve a greater solution quality in
fewer iterations as the number of parallel instances
increased. The three distinct hardware solutions’
speeds were compared: 16 CPU cores, up to 4
GeForce GPUs, and 68 Xeon Phi cores. Using C++
and CUDA, cutting-edge ACO vectorisation methods
like SS-Roulette were implemented. GPUs are
deemed unsuitable for sophisticated real-world
supply chain routing because of the necessary
metadata access footprint, but 31 are great for routing
straightforward TSPs. The research thus shows that
generalised conclusions cannot be drawn from the
established benchmarks.

[9] Reduced the amount of time spent travelling
around Covenant University in this paper. The time
and distance between locations within the campus
were computed using Google Maps. Five
assumptions were made, and the basic feasible
solution was found using the usual methods (i.e.,
Vogel’s approximation method, Northwest corner
method, and least cost method). The optimal solution
was then found using the MODI method. By the
study's end, the findings aligned with what the
university had anticipated.

[10] The ACO was examined and adjusted for
usage in several iterations of the continuous space
algorithm. Selecting the proper object (solution
component) from an endless set to add to the ant’s
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journey was critical to ACO’s effectiveness when
optimising across a continuous space. These stages
were crucial in developing effective solutions.
Significant changes were made to this component in
this study, such as incorporating vector direction
(Informative Pheromone) and 30 using a Gaussian
distribution to estimate the expected amount of
pheromone at each candidate solution component.
The outcomes demonstrated that Informative
Pheromone is used in any version of this algorithm to
produce more accurate results than any other

[11] developed a linear weighting strategy based
on the ACO algorithm to minimise the number of
fixtures and the maximum completion time in the
hybrid flow shop scheduling problem. The dual-
objective optimisation problem could be effectively
reduced to a single-objective optimisation problem.
The paper used the scheduling issue of an automated
precision part production line as an illustration. By
the time the study ended, the suggested method’s
viability had been confirmed, and production
scheduling and fixture resource allocation had been
jointly optimised.

[12] developed a sinkhole detection technique, an
enhancement of ant colony optimisation by including
a hash table in the ant colony optimisation technique
to advance sinkhole attack detection and reduce false
alarm rate in a wireless sensor network. At the end of
the paper, an increase in the detection rate of 96%
was achieved, and the result outperformed other
related research works when compared and further
research was discussed.

However, in the application of ant colony
optimisation, the time from one source to the
destination would be changed to the probability of the
ant passing the path, depending on the chemical”
pheromone”, leading to a different allocation method.
Ants use pheromones to locate shorter paths.
Therefore, it would aid the transporter in knowing
from which origin to pick up goods and people, and
which specific destination to drop off the goods and
people to optimise the time. Assumptions were made
by [9]:

i.  Covenant University only has five origins

and five destinations.

ii. ~ Moving from one origin to a destination
always takes the same time.
Every route listed is always available.
Identical mode of conveyance and steady
speed.
v.  People and products are constantly moved

from their designated origins to their

ii.
1v.
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designated destinations, never the other way
around.

2 Problem Formulation

2.1 Ant Colony Optimisation Meta-heuristic
A meta-heuristic algorithm called ant colony
optimisation (ACO) mimics an ant colony’s foraging
behaviour to find the quickest route to food. Ants
leave behind pheromones during their food quest,
which entices other ants to follow in their footsteps.
The longer the path, the more pheromone is
deposited. When evaporation occurs, the pheromone
is evaporated, making it difficult for an ant to trace
their smell, and as such, the probability of ants using
the path is low. The shorter the route, the less
pheromone is deposited, and the pheromone is not
evaporated quickly, making the probability of ants

passing that path large.
Below is the probability of choosing a particular path:
PE(t) = [7:; ()] [n:;)° )
Y Yl (01 [n45]1P

Where P;(t) is the probability of kth ant passing
a chosen path with respect to time.

7;j(t) is the concentration of pheromone
associated with a path ij.

nij = 1 / Cij is the visibility or heuristic factor

favouring the path.
Cij is the cost of the path.

e o and B control the relative importance of the
pheromone and the local heuristic factor.

Steps in applying ACO to the Transportation

Problem:

e Step 1: Use the formula to find the probability of
each distance between the two locations. Above
the likelihood of an ant choosing a particular
path.

e Step 2: Start allocation from the second highest
probability (because we are dealing with vehicles
which can cause congestion) to continue
allocation till all the allocations are complete.

e Step 3: Test for degeneracy. If there
degeneracy, stop at step 4.

e Step 4: Find the total cost, i.e. the initial basic
feasible solution.

e Step 5: Use the MODI method to find the optimal
solution.

is

NOTE: In this paper, let,7;;j(t) = 0.5 and a, B = 1.
2.2 Transportation Problem: MODI Method
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It is one method used to find the optimal solution for
transportation problems.
Below are the steps in finding the optimal solution:

Table 1: MODI Procedure

STEPS | PROCEDURES

Step-1 Using the ant’s movement probability,

find the first basic possible solution.

Step-2 For each row and column, find U; or

V;. To begin with

e Put 0 ineither U; or V}, depending on
the maximum number of allocations
in a row or column.

e Using the formula C;; =U;+V; ,
determine the other Ui's and Vj's for
each occupied cell.

Step-3 Compute dij = Cij — [Ui + VJ] for

every empty cell.

Step-4 e The current fundamental feasible
solution is optimal and therefore
terminates the process if d;; > 0.

e There is another approach with the
same transportation cost but a
different set of allocations if d;; =
0. Now put an end to the process.

e If d;; <0, then the given solution is

not optimal, move to step 5.

Step-5 Choose the empty cell with the highest
negative value of d;; and add it to the

following solution.

Step-6 From the empty cell chosen in the
previous stage, create a closed path, also
known as a loop. Starting from the
original empty cell, the path should make
a right angle and pass through the
occupied cells, marking the (+) and (-)

signs alternately at each corner.

Step-7 e Choose the closed path’s minimal
value from the cells with the (-)
symbol next to them.

e Give the chosen empty cell the
assigned value.

o In the other occupied cells indicated
by the (+) symbol, add the value.

e From the other occupied cells
indicated by the (-) symbol, deduct
the amount.

Step-8 Repeat steps 2 to 7 until an optimal

solution is obtained, when d;; = 0. Then
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the process ends because the optimal
value has been found.

Where;

e U; is for the rows where i = (1,2, ...)

e V;is for the rows where j = (1,2, ...)

e (j; is the value/ Distance in a cell.

e d;jis used to locate the unoccupied cell to start
the loop and process.

e Unoccupied cells have no allocations of the
maximum demand and supply value.

e Occupied cells have allocations of the maximum
value of the demand and supply.

Theorem 1[13]: Let P*(t) be the probability that the
algorithm finds an optimal solution at least once
within the first t iterations. Then, for an arbitrary
choice of a small € > 0 and a sufficiently large t, it
holds that

P(t)=1—¢
And asymptotically,

g P =1
Proof: Due to the pheromone trail limits 7,,;, and
Tmax WE can guarantee that any feasible choice

P(Ck +1= C|T,xk)
T(Ck' C)a i F(C.C
ZyeCT(Ck: C)a' lf( k» )ejCk

0, Otherwise

Is done with a probability p,,i, > 0. A trivial lower
bound for p,,;, can be given as

R Tror(lin

pmm - pmm (NC _ 1)7-'?{,1(1;( + Tglin (2)

Where N, is the cardinality of the set C of
components. Then any generic solutions, including
any optimal solution s*€S™, can be generated with a
probability p = py;, > 0, where n < 4+oois the
maximum length of a sequence. Because it is enough
that one ant finds an optimal solution, a lower bound
for P*(t) is given by P*(t) =1-—(1-p)¢ by
choosing t sufficiently large, this probability can be
made larger than any value 1 — ¢ Because we have
that

tlim PrH)=1

2.3 Problem Statement

This paper examined ten sites at Covenant
University; five are origins, and the other five are
destinations. The transportation tableau is displayed
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in Table 3, while the names and comments of the
origins and destinations are shown in Table 2.

Table 2: Origin and Destination [9]

ORIGIN DESTINATION
0O1 | Main Gate D1 | CS.T
02 | Hebron Water D2 | C.D.S
03 | Camp House D3 | Library
04 | C.U. Gate D4 | Café 1
O5 | Faith Tabernacle D5 | Guest House

Table 3: Transportation Tableau [9]

D1 | D2 | D3| D4 | D5 | Actual
Distance

01 1512111927 (2.1119

02 20126125138 (2.6|25

03 2513.1(29(37|3.1]31

04 0811412120201 14

05 34134(38(14.6|4.0]|34
Expected | 17 |24 |23 |32 |24

Distance

Each cell in the tableau represents the time it takes
from one source (origin) to one destination.
Consequently, the number entered in each cell
represents the value of a choice variable. The current
numbers in Table 3 represent the time per unit
distance between one origin and one destination.
Along the outside rim of the tableau are the needed
distance and expected distance constraint quantity
values, also referred to as rim requirements.
Remember that the expected and actual distances
total up to the same amount.

3 Problem Solution
3.1 Traditional Method

D, | D> [ Ds | Di | Ds [ Actual Distance
1.5 2.1 1.9 2.7 2.1
O 19/2/0
L = B /
2.0 2.6 2.5 3.8 2.6
Oz 25/3/0
a I :
2.5 3.1 2.9 3.7 3.1
0. — 31/11/0
3 20 11 !
0.8 1.4 2.0 2.0
5 /
04 1.2 T 14/0
o, 3.4 3.4 3.8 4.6 ®.0 34/27/0
: il
Expec ted Distance 17 24 23 32 27
0 22 20 21 0
- 0 0 7 -
0

Figure 1: Northwest Corner Method

Test for Degeneracy: m + n — 1= Occupied Cells,
Thus, 5+ 5 —1=9, and no degeneracy exists.
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Total time spent: (1.5 x 17) + (2.1 X 2) + (2.6 x 22) +
(2.5%x3)+(2.9%x20)+(3.7x11)+ (2.0 x 14) + (4.6
x7)+ (4.0 x 27) =361.3 min

Dy Ds D3 | Dy Ds | Actual Distance
. 1.5 21 |19 2:T 2.1
0, ’. j ! 19/16/0
2.0 PR.6 2.5 3.8 2.6
0> )L). 3 . 25/18/0
2.5 3. 2. 3.7 9
05 2.5 31. 9 3.7 B.1 31/25/0
0.8 14 [1.2 |20 |20
0,4 ! 14/0
34 (34 |38 H6 4.0
05 ! B 34/32/0
Expected Distance | 17 24 23 32 27
3 6 7 0 2
0 0 0 - 0

Figure 2: Least Cost Method

Test for Degeneracy: m + n — 1= Occupied Cells,
thus 5 +5 — 1 =9, therefore there is no degeneracy.
Total time spent: (1.5 x 3) + (1.9 x 16) + (2.6 x 18) +
(2.5x7)+ (3.1 x6)+ (3.1 x25)+ (0.8 x 14) + (4.6
x 32)+ (4.0 x 2) =361.7 min

Dy | Dy | Dy | Dy | D5 | Actual Distance

1.5 (21 |19 R7 2.1

Oy @] 19/0

20 P6 |25 |38 |26
0s .’! ’ ’ 25/22/0

25 |31 P9 3.7 |31

0: 31/8/0
: | |

0.8 14 (1.2 2.0 (2.0

04 14/0
34 [34 (38 {6 [
05 B ’! @] 34/21/2/0
Expected Distance | 17 24 23 32 27
3201319
ool -1]o0o]o

Figure 3: Vogel’s Approximation Method

Test for Degeneracy: m + n — 1= Occupied Cells,
thus 5 + 5 — 1 =9, therefore there is no degeneracy.
Total time spent: (2.7 x 19) + (2.0 x 3) + (2.6 x 22) +
(29x23)+(3.1x8)+(3.4x2)+ (0.8 x14)+ (4.6
x 13) + (4.0 x 19) = 359.8 min

3.2 Ant Colony Optimisation Meta-heuristic

D, | D, D, | D, Dy | Actual Distance
LOGRT 0.0y 0.0463 O30 O.04zy -
O, 19/2/0
00445 O 00356 0.0z AN a
O, s g ! 25/18/0
00856 A284 00302 00249 00284 g /o
0 31/7/0
o120 00640 LOTAT 0045 0.0445
0 14/0
0267 00267 oz L0196 .22 "
0y 34/32/0
Fapectal Delance 7 71 px] 32 o7
0 0 9 0 9
7 2
0 0

Figure 4: ACO Probability Tableau
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Actual
Di D, Ds Dy Ds Distance
0, 5 b1 19 b7 Bl 19 U =19
0, 20 2.6 2-"’. -8 2-6- 25 U, =25
05 b5 B1 B9 T B1 31 Us =30
0 )-8 14 12 B0 2.0 11 Uim12
0, 4 4 B8 .6 [0 34 U. =39
B;‘j:::zl 17 2 23 32 27
; Vi =V =y _o|Vi =V =
¥ —0.4 0.1 Vs=0 |7 0.1

Figure 5: ACO Transportation Tableau 1

Test for Degeneracy: m + n — 1= Occupied Cells,
thus 5 + 5 — 1 =9, therefore there is no degeneracy.
Total time spent: (1.5 x 17)+ (1.9 x 2) + (2.6 x 18) +
25xT)+@B.1x24)+(B.1x7)+(1.2x14)+ (4.6
x 32)+ (4.0 x 2) =361.7min

3.3 MODI Method

PN D, Dy D Ds | ACTUAL DISTANCE

0, |15 [ |21 19 [z |27 21 19

0, |20 26 25 | ; |38 26 |1 |25

0; |25 31 @ |29 3.7 31 | @ |31

1 |

0, |08 14 12 |1 |20 20 14

0; |34 3.4 38 46 ., |40 34
EXPECTED | 17 2% 23 32 27
DISTANCE

Figure 6: First Loop Transition
Actual
Dy Dy Ds Ds Ds =i
) 1.5- b1 9 b7 B 19 V=19
02 -0 2.6 245. p-8 2»0. 25 Uz =25
05 b5 3.1- B9 B.7 1,1. 31 Us =30
0 B T4 1.2- 0 B0 14 Uiz12
0 ! ;.4. B 4.0- k0 31 U.=33
Expected - -
; - - ’

<ol 17 24 23 32 27
= Vi =% =g _ |V =% =
% -04 |01 =0 i3 0.1

Figure 7: ACO Transportation Tableau 2

Test for Degeneracy: m + n — 1= Occupied Cells,
thus 5 + 5 — 1 =9, therefore there is no degeneracy.
Total time spent: (1.5 x 17)+ (1.9 x2) + (2.6 x 18) +
25xT)+(3.1x22)+(3.1x9)+(1.2x14)+ (4.6
x 32)+ (3.4 x 2) = 360.5min

Dy n, Dy D, Ds | ACTUALDISTANCE
0 |15 g |22 5 [ |27 21 19
0, |20 [26 25 |7 |38 [26 [ |25
0, |25 [31]m |29 37 b [31 [, |31
0, |08 14 12 |1 |20 20 14
0s |34 34 m|l3s 46| m |40 34
EXPECTED | 17 |4 23 k) |27
DISTANCE

Figure 8: The Second Loop Transition
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Actual
Dy D, Ds Da Ds Distance
o 5 b1 19 b7 1 19 U, =19
0, 2X0] 26 2.5. B8 2,6. 25 Uy=25
b5 i 2.9 3.7 B1
03 2 (e ot : 31 Us=3.0
01 S 14 12 B.0 2.0 14 Ui=12
0 4 4 B3 6 ) 31 Us =39
152:::;:' 17 2 23 32 27
. Vi =% . _ o va =V =
% —0.4 —0.5 V=0 |47 0.1

Figure 9: ACO Transportation Tableau 3

Test for Degeneracy: m +n — 1= Occupied Cells,
thus 5 + 5 — 1 = 9, therefore there is no
degeneracy. Total time spent: (1.5 x 17) + (1.9

X

2)+ (2.6 x 18) + (2.5 x 7) + (3.7 x 22) + (3.1 x
9) + (1.2 x 14) + (4.6 x 10) + (3.4 x 24) =
347.3min
D, D, Ds Dy | Ds; | ACTUALDISTANCE

0 15 m 2l 19 @27 21 19

0o, |20 |26 25 ||g |38 (26 [ |25

04 25 [31 29 |37 2 i3.1 s |31

04 08 T14 [12 [ J20 120 14

05 |34 34 2 |38 46 10 [4.0 34
EXPECTED | 17 24 23 32 [27
DISTANCE

Figure 10: The Third Loop Transition

3.4. R Program

m_”'l *1 - Motepad
File Edit Format

‘help.start()’ For an
Type ail’ to guit R

Wiew Help

[Previcusly sawed workspace restored]

Library{
B Detinve

. 25, 31, 14,
3

. byrow = TRUE)

i R
Stamce_copwdd
1 =@
i. 31

min{actual distance copywlil,

B Calculate Uhe total

Total_ time <- sum{all * Time_matrix)

total time

el AR R R R R R R AR R R R R R R

print{allo

(.1] (.21 (.31 (.41 [.5]
1,1 3 ] ) a
2.1 =) 2 @
3.l @ ] 2s
a,] 14 = )
(5.1 @ az H
> LAt Toral Time:yn »
Total time

print{total_time)

(1] 3si.

Figure 12: R Code for Least Cost method
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Actual .
Py D2 2y Da Dy Distance | ¥
o 15 1 19 B7 1 7 [T
0, lﬂl 2.6 2-5 3.8 R-6 25 U, =05
o b5 31 39 37 31 51 Uiz 10
o 78 14 12 B0 B0 4 Uiz —07
14 34 18 G o =
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Figure 11: ACO Transportation Tableau 4

Test for Degeneracy: m +n — 1= Occupied Cells,
thus 5 + 5 — 1 = 9, therefore there is no
degeneracy. Total time spent: (1.5 x 10) + (1.9 x

9)+2.0x7)+ (2.6 x18)+ (3.7 x22)+ (3.1 x
9) + (1.2 x 14) + (4.6 x 10) + (3.4 x 24) =
346.6min

Since there is mno negative number, the

process/iteration stops, so the total optimal time spent
is 346.6 minutes.

MCol = Lengtn{expedc Ued_aistance))

31 < min_time) {

e _copy U510
J

il
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>
>
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p
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-
> B P the allocatiocn and total Tims
> cat{"Allocaticn matrix: sl
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Figure 13: R Code for Northwest Corner Method

g *lastsawe 3 - Notepad

File Edit Format Wiews Help
Type ‘doma(}’ faor come domas, ‘helad}’ far an-line help, ar
‘help.start{}” far an HIML browser inberface ta hela.
Type "q}° bo quit &
[Previously sawed workspace restarcd]|
> ® Define actual_di and

houristic matrix <- 1 4 Time matrix

# Print the heuristic matrix
cat({ “Hoeuristic information matrix:wn™}
HMouriztic information matris:

> actual_distance <- (19, 5. I1. 1&. 33}

> expected_distance <- cf1F, 24, 23, 3=, 7}

=
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# Multiply heuristic matrix by tau
houristic_tau matrix - houriskbic_matrix * tau

# Print the result
cat( "Houriztic matrix multiplied &y tau:in™)
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> # Calculate the sum af the houristic tau matrix

> mum heuristic tou <o sum{houristic_tou_motrix)

>

> # Diwvide sach sloment in the heouristic tau matrix by the sus
> mormalized heuristic tau_matrix <- heuristic_tau matrix ¢ sws_heuristic_tau
>

> &8 Primt the result

* carc(“mormalirzsd houristic tau rIatr'ilC nT )
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primcinomalised _houriscic i i}
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Tnitialize allocation matrix with zoras
1location c- matrix(@. nrow - nrowinomealined heuristic_tau_matrix}. nool = nooli{nomalised heuristic_tau matrix))

bt

= maks copics of actual_di and 1 T work with
actual_diztance_copy < actusl_discancs
i oy < -

# St unique wvalues in the narmalized heouristic tau matrix
unique_walues - uwniquenarmalized houristic tau makrix)

Figure 14: R Code for ACO Method
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. allocation_completed <- TRUE
. aroak
. T
. x
.
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.
= ¥
>
& 1IF actual_di i iz mot satisficd, put the last allocation on the highost walus
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Figure 15: R Code for ACO Method Cont.
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-
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* womel 1 S < o 5 Tirme i, 1_ai . T 3
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-
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owpocted distance[min_ time oal] Allocation_ amourt
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Figure 17: R Code for Vogel’s Approximation Method Cont.

4 Conclusion

This paper used ACO to find the initial and optimal
feasible solutions. It also compared ACO to other
traditional methods (the Least Cost, Northwest
Corner, and Vogel’s Approximation methods) to find
the initial basic feasible solution in the Covenant
University Transportation System. The paper showed
that ACO can be used as a method for finding the
Initial Basic feasible solution, which was applied to
the data of Covenant University and showed that the
total time spent was 361.7 minutes, and then using
the MODI method in finding the Optimal solution
produced the total time spent was 346.6 minutes. In
the comparison case, Vogel’s Approximation method
was the best because the total time spent (359.8
minutes) was 74 minutes less than the Least cost,
Northwest corner, and ACO methods. But ACO was
much easier to find the initial solution than Vogel’s
Approximation. Also, the application of ACO to
transportation problems has covered a significant gap
by not only focusing on cost but also on time and
distance, and it also covers the gap of integration of
campus-specific transportation policies. In this paper,
the cost was not considered; therefore, the ACO
method is recommended to be applied to
transportation problems that consider cost, and it can
also be applied.
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to unbalanced transportation problems and larger
data on transportation problems.
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