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Abstract

The problem of vehicle scheduling and route optimization in food product distribution is
a complex logistical challenge, especially when considering customer time window constraints
and vehicle capacity. This study aims to implement a combination of Ant Colony Optimization
(ACO) and Nearest Neighbor (NN) to solve the Vehicle Routing Problem with Time Windows
(VRPTW) in the distribution system of HoneyBee Bakery & Cake. The Nearest Neighbor (NN)
method is used to generate the initial solution, while Ant Colony Optimization (ACO) is applied
to further optimize the route. The experimental results show that the Hybrid Ant Colony
Optimization approach produces an initial solution with a travel distance of 72.55 km, which is
then optimized to a final distance of 58.59 km with four returns to the depot. Therefore, the
Hybrid ACO is proven to be more effective in optimizing distribution routes that consider both
time constraints and vehicle capacity, achieving an efficiency improvement of 19.22% in reducing
the total travel distance from the initial solution.
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1. INTRODUCTION

In the logistics sector, efficient distribution is crucial to ensure timely product availability
at various locations. In the food industry, the main challenge lies in optimizing delivery routes
since products are highly sensitive to time and quality. Inefficient distribution may cause product
spoilage and customer dissatisfaction. HoneyBee Bakery & Cake is a micro-enterprise
specializing in bakery products such as donuts. It distributes its products daily across Palembang.
The company experiences issues with delayed deliveries due to non-optimal route planning,
highlighting the need for an intelligent routing solution.

The Vehicle Routing Problem with Time Windows (VRPTW) addresses the optimization
of vehicle routes under constraints such as delivery time windows and vehicle capacities. A
variant of the Vehicle Routing Problem (VRP), VRPTW is a combinatorial problem that seeks to
minimize total travel cost while fulfilling constraints related to time and capacity. This research
utilizes a hybrid approach by combining Nearest Neighbor (NN) and Ant Colony Optimization
(ACO). NN serves as the initial solution constructor by quickly identifying nearby delivery
points, while ACO optimizes these routes by simulating ant behavior using pheromone trails. The
objective is to enhance delivery efficiency for HoneyBee Bakery.

According to [1], distribution is the process of delivering goods or services from
producers to consumers at the time they are needed. This definition highlights the importance of
timely delivery in ensuring customer satisfaction and maintaining product quality. In the food
sector, delays in delivery can lead to freshness degradation or spoilage. Thus, a well-optimized
routing strategy is essential to meet customer expectations and reduce operational inefficiencies.
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2. LITERATURE STUDY
2.1. Distribution

Distribution refers to the process of delivering goods or services from producers to
consumers. According to [2], it involves managing goods, determining delivery routes, and
controlling delivery timing. In the context of food logistics, efficient distribution ensures products
arrive fresh, in good condition, and on time, minimizing waste and maximizing customer
satisfaction.

2.2 routing problem

Vehicle Routing Problem (VRP), introduced by Dantzig and Ramser in 1959, is a
generalization of the Traveling Salesman Problem (TSP). It is a combinatorial problem where a
fleet of vehicles must serve a set of geographically scattered customers while minimizing total
travel cost or time. According to [3], Vehicle Routing Problem (VRP) is a combinatorial problem
aimed at determining distribution routes that can be applied to commodity distribution
mechanisms, with the goal of finding efficient delivery routes. This perspective emphasizes the
practical use of VRP in optimizing real-world logistics operations, especially in the distribution of
goods or services.

Several variants of VRP have been developed to handle different real-world constraints,
such as Capacitated VRP (CVRP), VRP with Pickup and Delivery (VRPPD), VRP with Time
Windows (VRPTW), and Multi Depot VRP (MDVRP), each designed to solve specific
distribution challenges in logistics systems.

2.3 Vehicle routing problem with time windows

Vehicle Routing Problem with Time Windows (VRPTW) is a well-known optimization
problem that focuses on finding the optimal routes for a fleet of vehicles to serve customers
within specified time windows, with the objective of minimizing the total cost or distance
traveled [4].

According to [5], the main objective is to minimize the number of vehicles and total
travel distance while meeting service time constraints. The mathematical model includes
constraints such as vehicle capacity, service time alignment, and arrival within time windows.

Generally, there are two objectives in VRPTW, which are defined as Egs. (1) and (2),
respectively. The primary goal is to minimize the number of vehicles (NV) and the secondary
goal is to minimize the total distance (TD) with the same number of routes. VRPTW can be
mathematically formulated as follows.
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ok = 1,if vehicle k travels directly from i to i
L~ 0, otherwise
ok = {1, if vehicle k travels directly from i to i
L 0, otherwise

Constraints Egs. (3)—(5) mean that each customer will be served by a vehicle and that
each customer can be served by only one vehicle. Constraint Eq. (6) means that each vehicle
cannot carry more than capacity Q. Constraint Eq. (7) denotes that all routes start from the depot.
Egs. (8)—(10) define the time window constraint, where ti is the vehicle arrival time at node i; wj
is the waiting time after the vehicle arrives at customer j; Si is the service time; and ci,j is the
time cost between nodes i and j.

2.4 Metaheuristic

Metaheuristic algorithms are search methods inspired by social behavior or natural
principles. Unlike traditional algorithms, they combine random processes with local search. The
two main parts are exploration, which means searching widely for different solutions, and
exploitation, which means focusing on improving good solutions in a local area [6]. According to
[7] metaheuristics are computational approaches used to find near-optimal solutions to
optimization problems by iteratively improving candidate solutions while considering solution
quality constraints. This highlights the strength of metaheuristics in solving complex problems
where exact methods are computationally impractical, especially in large-scale combinatorial
optimization cases such as vehicle routing.

2.5 Swarm Intelligence Algorithm

Swarm Intelligence Algorithm is a method inspired by how groups of animals like birds,
fish, or insects work together in nature. The process starts with an initial setup, then each agent is
evaluated using a fitness function. Based on this, agents are updated and guided to find better
solutions until a stopping condition is met. In the end, the best solution found is taken as the final
result [8]. These algorithms are widely used in optimization because they are good at finding the
best solutions efficiently. Some popular swarm intelligence algorithms include:

1. Ant Colony Optimization (ACO): Created by Marco Dorigo in 1992, ACO is based on
how ants find the shortest path to food by following pheromone trails.

2. Particle Swarm Optimization (PSO): Inspired by how birds fly in groups to find food.
Each "particle" is a possible solution that moves and learns from its own and the group’s
best experiences.

3. Dragonfly Algorithm (DA): Based on how dragonflies balance between exploring new
areas and using known good areas to find food or avoid danger.

4. Artificial Fish Swarm (AFS): Imitates how fish search for food, gather in groups, and
follow others to find better areas, aiming to find the best solution.

5. Artificial Bee Colony (ABC): Introduced by Karaboga in 2005, this algorithm copies
how honey bees search for food, with different roles like worker bees, onlooker bees, and
scout bees, to find the best solution.
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2.6 Nearest neighbor

The Nearest Neighbor method is an algorithm used in the Vehicle Routing Problem
(VRP) to determine delivery routes by selecting the nearest customer as the next destination from
the current service point. This method is a simple and fast approach to solving VRP; however, it
does not guarantee an optimal solution as decisions are made solely based on the nearest customer
at each step [9].

2.7 Ant Colony Optimization

In the early 1990s, M. Dorigo and his team introduced Ant Colony Optimization (ACO),
a method inspired by how ants find food. When ants find food, they leave a pheromone trail on
the way back to the nest. Other ants follow this trail, and if the path is short and used often, the
pheromone becomes stronger. This helps more ants choose the best path. If a path is not used
much, the pheromone fades, and ants stop using it.

Figure 1. lllustration ants finding food

The more ants use a path, the more likely other ants will follow it. According to [4], here
are the steps to solve problems using Ant Colony Optimization and the Vehicle Routing Problem
with Time Windows:

1. Randomly choose nodes from depot.
2. Find the highest probability nodes from nodes i to nodes j. Check the distance, time and
capacity constraints.
{ [z N1 [n G, DI
Pe(i,)) =

Zunvisited customer[T(inj)]u[n(irj)]B ]lkal * ]
atau 0 jikai = j
3. Update pheromone value
[z, NI [n G, )] ki i
Pi(i,) = | Bumsted customer €6 DI MG NP g
atau 0 jikai = j
4. Find the next highest probability nodes for unvisited nodes and construct a vehicle route.
Calculate distance between two customer

6. Construct the final solution.

o

Ant Colony Optimization (ACO) for solving the Vehicle Routing Problem with Time
Windows (VRPTW) is done using the following simple steps:.

1. Initialization: Set VRPTW parameters like customers, time windows, vehicle capacity,
and depot. Place one ant for each vehicle and choose a random starting node from the
depot.

2. Ant Movement: Each ant moves from the depot and picks the next customer based on
probability, making sure the route still follows capacity and time window limits. This
continues until all customers are visited or no more can be added.

3. Pheromone Update: After finishing their routes, ants leave pheromones on the paths they

used. More pheromone means a higher chance other ants will follow the same path next
time.
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4. lteration: Repeat the ant movements and pheromone updates several times or until a
stopping condition is reached, to keep improving the route solution.
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Figure 2. Flowchart Ant colony optimization + Nearest neighbor

2.8 Efficiency

According to [10] efficiency can be defined as optimizing and maximizing an activity or
operation appropriately and accurately in order to save or minimize costs, time, and effort. To
measure efficiency, the initial distance is compared to the optimized distance, and the result is
expressed as a percentage of savings. The following is the efficiency formula:

St _ Initial Distance — Optimized Distance x 100
iciensy = Initial Distance

3. RESEARCH METHODS
3.1. Research Workflow

The research workflow consists of several stages: literature study, data collection,
algorithm design, implementation, and testing. First, a literature review was carried out to
understand different types of Vehicle Routing Problems (VRP) and hybrid optimization methods.
After that, the collected data were processed to define constraints and customer distributions.

The algorithm design combines Nearest Neighbor (NN) and Ant Colony Optimization
(ACO). Nearest Neighbor is used to create an initial solution. This initial route is then optimized
using the ACO algorithm, which simulates ant behavior to search for better solutions by exploring
various routes, updating pheromone trails, and minimizing total travel distance while meeting
vehicle capacity and time window constraints.
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Figure 3. Research Workflow

3.2. Data Collection

This study uses primary data collected from HoneyBee Bakery & Cake. The data includes
customer order information such as customer names, locations, distances between locations,
number of products ordered, delivery schedule, and vehicle capacity. After collecting the data, it
is processed and reformatted to match the needs of the analysis and the Ant Colony Optimization

algorithm.

Table 1. Table Customer Location

Id X Y Demand Ready time Due time
0 -2.967797 | 104.726648 0 00:00 00:00
1 -2.980148 | 104.755182 112 04:00 06:00
2 -2.953332 | 104.735306 70 04:00 05:00
3 -2.915004 | 104.680069 40 03:00 05:00
4 -2.997204 | 104.707322 90 05:00 06:00
5 -2.957643 | 104.726935 60 06:00 07:00
6 -2.993812 | 104.726361 30 06:00 07:00
7 -2.955790 | 104.748410 30 06:00 07:00
8 -2.967871 | 104.746621 25 06:00 08:00
9 -2.962252 | 104.749706 25 06:00 08:00
285
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Figure 4. Customer Location

4. RESULTS AND DISCUSSION

The developed application includes several key features such as a file upload option,
display of the initial solution, display of the final optimized solution, and settings to adjust ACO
parameters. The interface showcasing these features is presented in Figure.5.

Optimasi VRPTW & Ant Colony Optimization

Figure 5. System Interface

4.1. Trial configuration

The experiment uses customer data collected from HoneyBee Bakery & Cake. The
dataset includes customer location coordinates, demand quantity, and service time, provided in
.txt format and used as input for the route optimization process.

In this research, the Nearest Neighbor and Ant Colony Optimization (ACO) methods are
used to solve the Vehicle Routing Problem with Time Windows (VRPTW). The experiment
focuses on testing different ACO parameter settings to find the best routes with the shortest total
distance and the minimum number of vehicles returning to the depot. The experiment includes
different test scenarios with variations in key ACO parameters: number of ants (100, 50,20, 10
,5), number of iterations, B value, and Q value.
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4.2. Test Result

Table 2. Table Result Test 1

Test 1 2
Number Ant 100 100
Max Iteration 200 200
Beta 1.0 1.0

Q 2 1
Total Distance 75.77 km 75.77 km
Vehicle Returning to Depot 6 times 6 times

Table 3. Table Result Test 2

Test 1 2 3 4 5
Number Ant 100 50 20 10 5
Max Iteration 200 200 200 200 200
Beta 1.0 1.0 1.0 1.0 1.0

Q 0.5 0.5 0.5 0.5 0.5
Total Distance 59,93km 59,93km 60.27km 61.02km 59.68km
Vehicle Returning to Depot 4 times 4 times 4 times 4 times 4 times

Table 4. Table Result Test 3

Test 1 2 3 4 5
Number Ant 100 50 20 10 5
Max Iteration 200 200 200 200 200
Beta 1.0 1.0 1.0 1.0 1.0

Q 0.3 0.3 0.3 0.3 0.3
Total Distance 59.93km 58.59km 59.93km 61.02km 60.76km
Vehicle Returning to Depot 4 times 4 times 4 times 4 times 4 times

Table 5. Table Result Test 4

Test 1 2 3 4 5
Number Ant 100 50 20 10 5
Max Iteration 200 200 200 200 200
Beta 1.0 1.0 1.0 1.0 1.0

Q 0.1 0.1 0.1 0.1 0.1
Total Distance 58.59km 58.59km 58.59km 58.59km 59.63km
Vehicle Returning to Depot 4 times 4 times 4 times 4 times 4 times

The test results in Table 11, using a Q value of 2 and 1, with 100 ants, 200 iterations, and a
beta value of 1, showed a total travel distance of 75.77 km. The vehicles returned to the depot 6
times, and the routes remained the same. A high Q value like this causes the ants to quickly focus
on paths with strong pheromones, without enough exploration of other possible routes. As a
result, the final solution is less optimal.

In Table 11, with a Q value of 0.5, the number of ants was varied at 100, 50, 20, 10, and 5.
The results showed that the total travel distance remained relatively high. The first and second
tests (100 and 50 ants) produced a distance of 59.93 km. When the number of ants was reduced to
20 and 10, the distance increased to 60.27 km and 61.02 km. However, in the fifth test with only
5 ants, the result slightly improved to 59.68 km. This happened because fewer ants meant less
exploration, but the result may not be optimal.

In Table IV, with a Q value of 0.3, the algorithm's performance was more varied. The
second test with 50 ants gave the best result of 58.59 km. Other tests showed distances ranging
from 59.93 km to 61.02 km. This shows that the combination of Q value and number of ants
affects performance. If there are enough ants, the algorithm can explore the solution space well.
But when there are too few ants, the exploration becomes limited, and the solution quality may
drop due to a lack of path variation.
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Lastly, in the test with the lowest Q value, 0.1, the results were very stable and optimal.
Tests with 100, 50, 20, and 10 ants all produced a distance of 58.59 km. This shows that a low Q
value helps ants explore more routes and makes it easier to find the best solution.

But with only 5 ants, performance dropped again with a distance of 59.63 km, showing that
too few ants still limit exploration, even if the Q value is ideal.

In conclusion, the best performance was achieved with a low Q value (e.g., 0.1) and a large
number of ants (e.g., 100 or 50). A low Q value supports wide exploration, and enough ants
ensure diverse solutions. On the other hand, a high Q value (1 or 2) often gives poor results
because the ants focus too much on early solutions and miss better routes.

To evaluate the performance of the Hybrid Ant Colony Optimization (ACO) algorithm, a
comparison was made with the standard Ant Colony Optimization (ACO) without Nearest
Neighbor (NN). The focus of the comparison is on travel distance efficiency and distribution
effectiveness, measured by the number of vehicles that must return to the depot. Table VI
presents the performance comparison between the ACO and ACO+NN algorithms using the best
configuration: 100 ants, 200 maximum iterations, Beta =1, and Q = 0.1.

Table 6. Table Comparasion

Lo Ant Colony Optimization + Nearest
Method Ant Colony Optimization Neighbor
Initial distance 64.09 km 72.55 km
Optimize distance 58.59 km 58.59 km
Iteration Required 46 iteration 10 iteration
Vehicle Returning to Depot | 4 times 4 times

72,55 — 58,59

Efficiency = ( 7255

) x 100 = 19.22%

Figure 6. Customer Routes

The test results show that even though the pure ACO method started with a shorter initial
route than the hybrid ACO, it needed more time to reach the best result, taking 46 iterations. On
the other hand, ACO+NN found the best solution much faster, in just 10 iterations. This shows
that the structured starting solution from Nearest Neighbor (NN) helps speed up the search
process. Both methods reached the same final distance of 58.59 km, but the hybrid method was
more efficient in terms of computation time. with an efficiency increase of 19.22% from the
initial solution.
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5. CONCLUSION

1. The use of the Hybrid Ant Colony Optimization (ACO) algorithm has proven effective in

[1]
[2]

[3]

[4]

[5]

[6]

[7]

solving the VRPTW problem for food product distribution. Hybrid ACO successfully
handles time window and capacity constraints. It achieved the shortest travel distance of
58.59 km with the best parameter settings: 100 ants, 200 iterations, B = 1.0, and Q = 0.1,
with a travel distance improvement of 19.22% compared to the initial solution.

Hybrid ACO is also efficient in minimizing the number of vehicle returns to the depot. It
only required 4 returns to complete all deliveries and did so with fast optimization. This
shows that Hybrid ACO optimizes vehicle capacity effectively and offers extra benefits in
efficiency process.

Parameter testing of the Hybrid ACO algorithm shows that the number of ants and the
exploitation probability (Q) value greatly affect the solution quality. More ants and smaller
Q values produce better routes. Applying the Hybrid ACO to HoneyBee Bakery & Cake’s
distribution system had a positive impact. The results showed fewer depot returns and
shorter travel distances, helping to reduce travel time and improve customer service

6. SUGGESTED

Suggestions for Future Research:

1. Conduct research using other metaheuristic algorithms such as Particle Swarm
Optimization (PSO) and Genetic Algorithm (GA) to evaluate the advantages of each
algorithm.

2. Integrate the route optimization system into a mobile application.

3. Develop the system to display visualization results in map form, similar to Google
Maps.
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