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Abstract

Fleet management has an important role in the supply chain for
enhancing business activity. Fleet management can face big problems
without effective planning in scheduling and choosing the best routes
for delivery. The choice of the best distance path is crucial in ensuring
efficient deliveries. In the raised problem, our objective is to minimize
the distance, the fuel cost, and the number of vehicles used. Since the
vehicle routing problem is Nondeterministic Polynomial (NP)-hard in
nature of the problem, the ant colony optimization is used to determine
the optimal solution with the assistance of Python software. This study
applies an ant colony algorithm to solve a capacitated vehicle routing
problem with time windows for fleet management. The warehouse of
the manufacturing industry is at Kempas Lama, while the location of the
customers included under consideration in our study located at Gong
Badak, Ipoh, Semenyih, Mentakab, Kota Bharu, Muar, Ayer Hitam,
Seremban, Kuala Selangor, Kuantan, Bukit Bendera, Segamat and
Tanjung Minyak. There are five planned trips for delivery, with one
planned trip for one day. The variable vehicle capacity, time windows,
and also the customer's demand were considered to obtain the optimal
solution. The results of the optimal shortest distance for delivery are
1210.92 km, 1776.65 km, 1428.54 km, 2204.81 km, and 707.45 km for
the five trips, respectively. Some of the variables have been adjusted in
the solution to show the more efficient short distance. This research
provides substantial insights into enhancing fleet management
efficiency through algorithmic optimization.

1. Introduction

Fleet management is defined as satisfying changing client needs in short service windows, which calls for cost-
effectiveness, asset and driver management, operational efficiency, and compliance [1]. Fleet management is a
rapidly evolving field that is expected to expand at a compound annual growth rate (CAGR) of 15.5% to reach USD
52.4 billion by 2027 [2]. As diesel prices continue to remain high this year, improving fuel efficiency and reducing
fuel costs have become top priorities for fleet management. Therefore, any increase in fuel prices can have a
profound impact on profitability and overhead costs for carriers and smaller shipping businesses.

The fleet management industry continues to grow steadily, striving to enhance productivity and find effective
solutions for industry challenges. To achieve this, the ant colony algorithm has been selected as a monitoring,
rescheduling, and optimization technique for fleet management. The algorithm aims to minimize costs and total
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travel time, enabling efficient distribution and collection of products from one or more depots to clients [3]. The
capacitated vehicle routing problem (VRP) is a VRP in which vehicles with a constrained carrying capacity must
pick up or deliver things at multiple places. Capacitated VRP is strongly Nondeterministic Polynomial (NP)-hard
because it includes the traveling salesman problem as a special case. However, tiny to medium-sized cases can be
resolved to with known optimality [4].

One of the critical problems is the VRP, which is to find the best distribution routes from depots to various
clients while taking constraints into account [5]. The goal of the VRP is to identify K identical vehicles based at the
depot a set of routes that minimizes the overall routing cost while visiting each vertex precisely once. Numerous
variations of this traditional composition have also been researched. The capacitated VRP, where each customer
has a demand for a good, and vehicles have finite capacity; the VRP with Time Windows, where each customer
must be visited during a certain time period; the VRP with Pick-up and Delivery, where goods must be picked up
and delivered in specific amounts at the vertices; and the Heterogeneous fleet VRP, where vehicles have varying
capacities, are among the most popular [6]. The VRP with time windows seeks an optimal set of tours that a fleet
of vehicles should do in order to service a group of consumers within the designated time windows. According to
arecent review of the literature, it represents a significant variation of the well-known VRP, one of the most active
areas in operations research [7].

In this study, a capacitated VRP with time windows is applied to address fleet management challenges
experienced by the manufacturing industry. The manufacturing industry is located at Kempas Lama, Johor, and
the study will be conducted within the area encompassed by the manufacturing industry fleet delivery services.
For the purpose of this study, the manufacturing industry is chosen because of its possession of a private fleet
vehicle and involvement in delivery services for distributing its products to customers. The main objective of this
study is to minimize the total cost for all routes while taking into consideration capacity restrictions and time
windows for service delivery. To achieve this goal, Python is utilized in conjunction with the ant colony algorithm,
as an effective approach for solving the capacitated VRP with time windows. The combination of Python and the
ant colony algorithm enables the optimization of route planning and resource allocation, resulting in efficient and
cost-effective fleet management for the selected manufacturer industry.

2. Methodology

This study focuses on describing the mathematical model utilized to address the challenges of a capacitated
Vehicle Routing Problem (VRP) with time windows for fleet management applications. Since the VRP falls under
the category of nondeterministic polynomial (NP)-hard problems, the ant colony algorithm is chosen as the
solution approach. It is crucial to incorporate the Ant Colony algorithm in order to achieve efficient fleet
management and optimize transportation operations for the industry. Python is selected as the solver to tackle
this problem, leveraging its capabilities for efficient algorithm implementation and optimization. The research is
conducted within a production industry located in Johor, with the aim of gathering relevant data specific to the
industry's transportation needs.

2.1 Capacitated vehicle routing problems with time windows

In this study, the capacitated vehicle routing problem with time windows for fleet management holds significant
importance in real-world applications. The primary significance and goal of this study lie in determining optimal
routes and scheduling fleet vehicles while considering capacity and time restrictions. By focusing on these aspects,
this study aims to meet customer satisfaction by ensuring deliveries are made within specified time windows since
the time frame constraint is crucial as it directly impacts customer expectations.

Moreover, this study holds significance in reducing costs, particularly fuel expenses. Thus, optimized routes
have the potential to yield substantial cost savings in fleet management. To achieve cost savings, this study aims
to develop algorithms and models that optimize routes and minimize fuel consumption. By utilizing the ant colony
algorithm, this study strives to create a system that effectively balances route lengths, capacity constraints, and
time windows, leading to optimized fleet operations.

2.2 Objective function

The capacitated VRP with times windows can be represented as a weighted directed graph that represents the
whole set of vertices and represents the set of arcs between the vertices. The depot is assigned as 0 and the others
j represent the customer while I represent the current node. Each client has a different demand and the vehicle
has a different capacity. The product must be delivered within the time that the customer wants and delivered to
every customer at different times. Thus, the objective function can mathematically be represented as [8]:

o NN NN NV koK
Minimize Z = Zi:o Zj:O Zk:l Yi X W
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Which is, it refers to minimizing the total distance, where NN refers to the number of nodes, NV refers to the
number of vehicles, xill‘. refers to the vehicle k visits the customers j directly after the customers i and y;‘ refers

to the customers { is served by the vehicle & (cost of travel from node i to node j).

2.2.1 Constraints

The constraints considered in this study are as follows:
For some of the variables that have in the equation can be referred to as NN is the numbers of nodes, NV is the

number of the vehicle, x;. is the vehicle k visits the customers j directly after the customers, i , and y;‘ is the

customers | is served by the vehicle k is 1 (cost of travel from node i to node j).

Constraint (2) is meant to force the number of trucks flowing into and out of node j need to be the same.

NN O SONNOWY g i
Zi:o Zk:l X = Zizo k=1 X forall j (2)
Constraint (3) states that the demand at every node can be satisfied by one vehicle & or a single route needed to
give to each customer [8].
NN NV i
DD X =1 forall 3)
Constraint (4) represents that each route is covered by one vehicle.
NN < NN
Do Do Xi <1 forallk )
Constraint (5) describes sub-tour elimination constraint and capacity constraint.
Uy —U; +Qx: <Q—qj foralli j € N(k), k (5)

where U, —Uj is the parameter that show the load cumulative after delivery Q is capacity and giis demand at

every node. N(k), k is the node that is associated with vehicle k. It means the possibility of its pair node within
N(k).
Constraint (6) shows that the vehicle k is not allowed to visit all the nodes more than its capacity.

Q—ZT:{in?joxﬁ} >0 forall k 6)

where Q is capacity of the vehicle and g, is the demand at every node.
Constraints (7) and (8) specify that the vehicle k should start and end at the depot [9].

NN g k _
i Xi—Yi = 0 forall k (7)
NN g K

E X Y =0 forall k (8)

2.3 Ant colony algorithm

The ant colony optimization (ACO) algorithm is used to determine and optimize the total of all routes while
considering capacity and time limits as restrictions. In this method, the vehicle routing problem (VRP) with the
variant capacitated VRP with time windows was studied. The ACO algorithm is applied to solve the capacitated
VRP with time windows. The algorithm will minimize the routes and if the result does not show the best outcome,
the ACO algorithm will be applied again. To solve the capacitated VRP efficiently for fleet management, the ACO
algorithm is utilized with the assistance of Python. The ACO algorithm can be implemented as follows [10]:

Step 1: Initialize all the parameters that will be used.

Step 2: The ant is located at the starting point.

Step 3: Ant k will apply a probabilistic called a random proportional rule to choose or decide the next
destination or node. For each ant k the probability py; ;) of moving from the current node i to another

node or destination is calculated taking to the formula where f and a are parameters. T is the

amount of the pheromone between the nodes i and j:
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where 7; is for the heuristic and the value of 7; is calculated as follows:

7y = {[(max {t, )} e, )"0, -t TM) }_l (10)

where tij( ti) is the arrival time to j at time ;.

Step 4: If the vehicle meets with the next client before the time windows, €; —t; will be chosen and |J- —t is

time between the departure and the latest time. €; and |j refers earliest and the latest time.

Step 5: Ant k selects the customers j by following the pseudorandom proportional rule.

j= argmax _. {Tilnilﬁ} it q<d, (11)
] if q>q,

Step 6: When ant k constructs the route, the pheromone is updated with the following formula:

7, =1-@)r; +or 0<p<) (12)

where the value of'.r0 is the same as the initial value for the pheromone trails and ¢ is pheromone
evaporation.

Step 7: When the ants k colony have completed their computation, the best tour will be selected from all the
iteration and globally modify the pheromone with the following formula:

4G = (1_P)Tij +PATbeSt (0<p<]) (13)

ij

to modify the pheromone trail where pATi?ESt =1/L,.;. Ly is the length of iteration best tour and p is the
pheromone evaporation rate.

For this algorithm, Haversine distance has been chosen to calculate the distance between the nodes. Haversine
distance was chosen to provide the accurate measure of distance between two points on the earth's surface,
considering the curvature of the earth. Every ant's movement in this algorithm will use the haversine distance to

get the total distance in kilometres.

2.4 Data for fleet routing and schedule

This research focused on the delivery trip of soy sauce manufacturing industry products to customers involved in
Peninsular Malaysia. There are 5 Trips planned for each day, which to specify that for Trip 1 day 1 has 3 locations
of customers, Trip 2 for day 2 has 4 locations of customers, Trip 3 for day 3 has 5 locations of customers, Trip 4
for day 5 has 5 locations of customers and Trip 5 for day 5 has 3 locations of customers. The summary of the daily
trip as in Table 1 and the location of the customer can be seen in Figure 1.

Table 1 Daily trip summary

Day Trip Number Number of Customers
Trip 1
Trip 2
Trip 3
Trip 4
Trip 5

| S~ W N -
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The warehouse of the manufacturing industry is located at Kempas Lama, Johor while the location of the
customers includes Gong Badak, Ipoh, Semenyih, Mentakab, Kota Bharu, Muar, Ayer Hitam, Seremban, Kuala
Selangor, Kuantan, Bukit Mertajam, Segamat and Tanjung Minyak. All locations are located in peninsular Malaysia.
The delivery for the customers will follow the trip that has been organized. Fig. 1 shows the state customers

involve and regions of the delivery.

Gong Badak
- AN U

KEDAH

Bukit
=¥ = Bendera NS
PER

Kuala  Suluugel \fentakab
Selangor
Kuala
e G

—
ATRAS Ayer Hitam  »

Muar

‘Warehouse

Fig. 1 Location of the customers

Data latitude and longitude for each node are obtained from the manufacturing industry. Each node is needed
to find the optimum solution for the delivery. Table 2, Table 3, Table 4, Table 5, and Table 6 show the coordinates
for each node for the customers to deliver the product and the details about the customers. The details include the
service time, demand, and time windows. Service time for all trips is 90 minutes, and time windows for all trips
are 0 until 1440 minutes, referred to 24 hours. Demand for each trip also can be seen in Table 2, Table 3, Table 4,
Table 5, and Table 6 for Trip 1, Trip 2, Trip 3, Trip 4, and Trip 5, respectively. All this information will be used in
the algorithm with Python to obtain the best short distance for optimal solution.

Table 2 Latitude longitude for each node in Trip 1

Node Location Latitude Longitude Demand Ready Time Due Time Service Time

0 Warehouse  1.556700706 103.7153931 0 0 1440 90

1 Kota Bharu  5.402130200 102.0635972 1200 0 1440 90

2 Muar 2.050000000 102.5666667 600 0 1440 90

3 Ayer Hitam  1.918172800 103.1795162 600 0 1440 90

Table 3 Latitude longitude for each node in Trip 2

Nodes Location Latitude Longitude Demand Ready Time  Due Time Service Time
0 Warehouse  1.556700706 103.7153931 0 0 1440 90

1 Gong Badak 5.385760000 102.9949297 1200 0 1440 90

2 Ipoh 4598681700 101.0900236 400 0 1440 90

3 Semenyih 2947391100 101.8459911 400 0 1440 90

4 Mentakab 3.486451000 102.3514872 400 0 1440 90

Table 4 Latitude longitude for each node in Trip 3

Nodes Location Latitude Longitude Demand Ready Time Due Time  Service Time
0 Warehouse 1.556700706 103.7153931 0 0 1440 90

1 Semenyih 2.9473911 101.8459911 300 0 1440 90

2 Seremban 2.7184070 101.9410696 300 0 1440 90

3 K. Selangor  3.3621022 101.3455503 300 0 1440 90

Penerbit
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Ipoh 4.5986817 101.0900236 300 1440 90
5 Kuantan 3.7985637 103.3219900 1200 0 1440 90
Table 5 Latitude longitude for each node in Trip 4
. . . Ready . . .
Nodes Location Latitude Longitude Demand Time Due Time Service Time
0 Warehouse 1.556700706 103.7153931 O 0 1440 90
1 Ipoh 4.598681700 101.0900240 300 0 1440 90
2 Gong Badak  4.863074300 102.9949300 300 0 1440 90
3 B. Bendera 5.406501300 100.2559080 1200 0 1440 90
4 Semenyih 2947391100 101.8459910 300 0 1440 90
5 Segamat 2.500491400 102.8156550 300 0 1440 90
Table 6 Latitude longitude for each node in Trip 5
, . . Ready . . .
Nodes Location Latitude Longitude Demand Time Due Time  Service Time
0 Warehouse 1.556700706 103.7153931 0 0 1440 90
1 Kuantan 3.798563700 103.3219900 400 0 1440 90
2 Semenyih 2947391100 101.8459911 400 0 1440 90
3 Tg Minyak  2.329374400 102.2880962 400 0 1440 90

For information in Tablel, Table2, Table3, Table 4 and Table 5, certain locations need to deliver multiple times
per week due to customer preferences for specific days and demand because of their limited capacity of the store.

3. Result and Discussion

The algorithm was running 10 times for each trip to obtain the greatest result and by setting the parameter with
ants number = 10, maximum iteration = 200, « = 1, =2, and qo = 0.1 that will be applied in (9) until (13). The
distance for every path or nodes is calculated using the haversine formula in km. The result of the optimal solution
can be shown in Fig. 2.

travel distance

dlode; 0

1210.92, numtk

ver of vehicles: 2, Path [0, 1, 0, 2, 3, 0]
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Fig. 2 The planned trips for (a) Trip 1, (b) Trip 2, (c) Trip 3, (d) Trip 4 and (e) Trip 5

Fig. 2 shows the best distance for Trip 1, Trip 2, Trip 3, Trip 4, and Trip 5. Trip 1 is 1210.92 km, with the total
number of vehicles used for the delivery to the customers being 2. Trip 2 is 1776.65 km, with the total vehicles
used for the delivery to the customers is 2. Trip 3 is 1428.54 km, with the total vehicle used for the delivery to the
customers is 2. Trip 4 is 2204.41km, with the total vehicle be used for the delivery to the customers is 2. Trip 5 is
707.45 km with the total vehicles used for the delivery to the customers is 2.

The optimal solution for Trip 1, Trip 2, Trip 3, Trip 4 and Trip 5 is summarized in Table 7. The trip is used 2
vehicles except Trip 5 due to the location of the customers in Trip 5 can handle only 1 vehicle to deliver to all the
customers since the customers' locations is closed.

Table 7 Summary of the result optimal solution

Tri Number of Total Distance Path
P Vehicle Used (KM)

Path1:0 —>1->0

1 2 1210.92
Path2:0 —>2->3->0
Path1:0 —>1-—>0

2 2 1776.65
Path2:0 —>4—-—>2->3->0
Path1:0 —>5—->0

3 2 1428.54
Path2:0—>4->3->1->2->0
Path1:0 —>3—->0

4 2 2204.81
Path2:0 —>5->4->1->2->0

5 1 707.45 Path1:0 —>1-—>2->3->0
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Table 8 shows the optimal solution for the shortest distance using the ACO algorithm. Relative Percentage
Deviation (RPD) has been calculated using the following formula to show any difference or big difference by using
the ACO algorithm and before using the ACO algorithm. From the RPD calculation, three of the trips have a
reduction after the optimization.

RPD = Benchmark Distance -_ACO Distance « 100% (14)
Benchmark Distance

Table 8 Computational result of ACO

Trip RPD(%) Distance (km)
1 0 1210.92
2 3.74 1776.65
3 35.80 1428.54
4 11.34 2204.81
5 0 707.15

Some of the data have been changed to show the impact of using vehicles with larger and smaller capacities.
The data have been changed for Trip 1, where demand from Trip 1 has decreased from 1200 cartons to 600
cartons, demand at Node 1 in Trip 2 has changed from 1200 cartons to 600 cartons, demand at Node 5 in Trip 3
changed from 1200 cartons to 600 cartons, and demand at Node 3 in Trip 4 change from 1200 cartons to 600
cartons. Trip 5 remains unchanged because it already gives the optimal solution and will be the same even though
some of variable is changed and the changes is to decrease the demand, even though the demand decreases or not
in Trip 5, the Trip still can be handled with one vehicle and will not change the result. The capacity of the vehicle
changed to 2000 for increasing and 600 for decreasing the vehicle capacity.

Table 9 Result when the capacity is increased

Number of Total Distance
Trip ) Path
Vehicles Used (KM)

1 1 983.64 Path1:0—>1->2->3-—>0
Path1:0 —>1->2->4->0

2 2 1628.96
Path2:0 —>3-—>0
Path1:0 —>2->1->3->4-—>0

3 2 1428.54
Path2:0 —>5-—>0
Path1:0 —>1->2->3->4-—>0

4 2 1944.34
Path2:0 —>2->5->0

5 1 707.45 Path1:0 —>1->2->3->0

Results in Table 9 show the proven that when the demand is small or decreases and the vehicle with the
largest capacity is used, may lead to fewer numbers and path routes being used. Thus, the total distance will be
decreased. For Trip 3, the total distance is the same even though the path selection has changed because the result
is already giving the best short distance even some of the variables have been changed and the selected path
already satisfies the constraint. Trip 5 is the same because the variable remains unchanged.

To show the effect when the capacity of the vehicle is small, the capacity of the vehicle has been decreased
and changed to a maximum 600 cartons.
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Table 10 Result when the capacity is decreased

Trip Number of Vehicles Used  Total Distance (KM) Path

Path1:0 —>1->0
1 3 1352.06 Path2:0—>2->0
Path3:0->3->0
Path1:0 —>3->0
Path2:0->1->0

2 4 2802.69
Path3:0->4->0
Path4:0 —>2->0
Path1:0 —>5->0
Path2:0—>3->4->0
3 3 1946.36

Path3:0 —>2->1->0

Path1:0 —>4->5->0
4 3 2708.40 Path2:0-—>2->1->0
Path3:0->3->0
Path1:0—>2->0
5 3 1384.84 Path2:0->3->0
Path3:0—->1->0

Table 10 shows the result when the capacity of the vehicle is small. It shows that Trip 1, Trip 2, Trip 3, Trip 4
and Trip 5 does not give a better short distance compared to when the vehicle has a large capacity. The results in
Tables 9 and 10 show that using the largest vehicle capacity can improve the finding of the shortest distance for
delivery.

Table 11 demonstrates the impact of the broad time windows. The time windows have been changed and
extended from 1 day to 2 days, and the maximum vehicle capacity has changed from 1200 cartons to 2000 cartons.
The outcomes reveal that employing vehicles with larger capacities alongside broad time windows significantly
enhances the ability to optimize delivery distances.

Table 11 Result when have the broad time windows

o Number of Total Distance Path
P Vehicles Used (KM) at
Path1:0 —>1->2->0
1 2 1124.79
Path2:0 —>3->0
Path1:0—>1->2->4->0
2 2 1628.96
Path2:0 —>3—->0
Path1:0 —>2->1->3-—>4—-—>0
3 2 1428.54
Path2:0 —>5—->0
Path1:0—>1->3->2->0
4 2 1783.43
Path2:0 —>4—->5->0
5 1 707.45 Path1:0—>1->2->3->0

For Trip 3, the total distance is the same even though the result already gives the best short distance, even
though some of the variables have been changed and the selected path already satisfies the constraint. Trip 5 is
also remains unchanged because there’s no other best solution because it already has the best short distance even
if we extend the time windows since the place of the customers is closed.
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4. Conclusion

Distance and optimum routing are important factors in determining the best solution for scheduling the delivery
path. This study implemented the Ant Colony Algorithm to solve a capacitated vehicle routing problem with time
windows for scheduling the delivery to the customer. The results are obtained with the assistance of Python. We
had achieved all the objectives of this study. The first is to determine the optimal solution for the Capacitated
Vehicle Routing Problem with time windows for fleet management using Ant Colony algorithms. The 14 locations
of the customers, the demands and the time windows were obtained from the soy sauce manufacturing industry.
To achieve this objective, we ran the program in Python software 10 times for every trip. The location of the 14
customers included the warehouse of the soy sauce manufacturing industry located at Kempas lama, Johor while
the customers is located at Muar, Segamat, Gong Badak, Ipoh, Semenyih, Mentakab, Kota Bharu, Muar, Ayer Hitam,
Seremban, Kuala Selangor, Kuantan, Bukit Bendera, and Tanjung Minyak. The result of the optimal solution to find
the best shortest distance for delivery obtained with 1210.92 km, 1776.65 km, 1428.54 km, 2204.81 km, and
707.45 km for Trip 1, Trip 2, Trip 3, Trip 4, and Trip 5, respectively. This solution aims to fulfill the secondary
objective of proposing efficient short distances for vehicle routing in fleet management transportation. To have
efficient vehicle routing in fleet management transportation, we propose the result of the optimal solution as the
best short distance to make the delivery. While, to make the delivery more efficient, we propose to have a large
capacity of the fleet vehicle and broad time windows for the delivery.
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