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Abstract 

The Capacitated Vehicle Routing Problem (CVRP) is a combinatorial optimization problem widely applied in logistics and 

supply chain management. It involves determining the optimal routes for a fleet of vehicles with limited capacity to serve a set of 

customers with specific demands while minimizing travel costs. This study compares the performance of two popular 

metaheuristic algorithms, Ant Colony Optimization (ACO) and Artificial Bee Colony (ABC), in solving the CVRP. The research 

implements both algorithms on standard benchmark datasets, evaluating solution accuracy and computational efficiency. 

Simulation results indicate that ACO tends to excel in finding high-quality solutions, particularly for problems with high 

complexity, whereas ABC demonstrates superior computational efficiency on small- to medium-scale datasets. A detailed 

analysis of algorithm parameters was also conducted to understand their impact on the performance of both methods. This study 

provides valuable insights into the strengths and limitations of each algorithm in the context of CVRP and paves the way for the 

development of hybrid approaches in the future. 
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1. Introduction 

Capacitated Vehicle Routing Problem (CVRP) is one of the variants of Vehicle Routing Problem (VRP) which is 
the center of attention in the field of logistics optimization and supply chain management. CVRP emphasizes on 
setting optimal routes for vehicles with limited capacity to serve a certain number of customers with a certain demand, 
while minimizing the total travel cost or travel time. This problem is widely encountered in real applications such as 
goods distribution, garbage collection, and package delivery services (Toth & Vigo, 2002). 

As a combinatorial optimization problem classified as NP-hard, CVRP is difficult to solve using exact methods on 
a large scale because it requires enormous computation time (Golden, Raghavan, & Wasil, 2008). To overcome this 
limitation, various metaheuristic approaches have been developed, including Ant Colony Optimization (ACO) and 
Artificial Bee Colony (ABC). ACO, which is inspired by the behavior of ants in searching for shortest paths, has been 
successfully used for various optimization problems, including CVRP. This algorithm utilizes pheromone trails to 
guide the solution in a better direction, making it one of the frequently used methods in CVRP research (Yu, Yang, & 
Yao, 2009). 

On the other hand, ABC is a metaheuristic algorithm inspired by the foraging behavior of honeybees. With 
balanced exploration and exploitation mechanisms, ABC is able to find high-quality solutions with good 
computational efficiency. It has been applied to various optimization problems and shown competitive results, 
including in the context of VRP and its variants (Karaboga & Akay, 2009; Kumar & Kumar, 2015).  

Although ACO and ABC have been widely used in CVRP research, direct comparison between the two algorithms 
in terms of performance on various problem scales is limited. Therefore, this study aims to evaluate the performance 
of both algorithms in solving CVRP based on solution quality, computation time, and parameter sensitivity. This study 
is expected to make a significant contribution in understanding the strengths and weaknesses of each algorithm and 
open up opportunities for the development of more effective hybrid approaches. 
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2. Literatur Review 

2.1. Capacitated Vehicle Routing Problem (CVRP) 

CVRP is a variant of the Vehicle Routing Problem (VRP) that aims to find the optimal route for a fleet of vehicles 
with a certain capacity to serve a certain number of customers, by minimizing transportation costs or travel distance. 
CVRP was introduced by Dantzig and Ramser (1959) as a basic logistics problem that is highly relevant in various 
real-world applications such as goods distribution and supply chain management.  

The CVRP mathematical model can be expressed as follows: 
Parameters: 

-        : A graph consisting of a vertex set                 and an edge set  . Vertex   is the depot, 
while vertex               represents the customer, 

-   : Customer demand  , 
-  : Vehicle capacity, 
-    : Cost or distance between vertices   and  . 
-  : Number of available vehicles. 

 
Decision Variable: 

-          : Values   if the vehicle passes the edge from vertex   to vertex  , and 0 otherwise. 
-   : Vehicle load when leaving vertex  . 
 

Objective Function: 
∑ ∑       

 
   

 
         (1) 

 

Constraints: 

- Each customer is served exactly once: 

∑                    
        (2) 

 

- Each vehicle returns to the depot: 

∑     ∑    
 
                 

       (3) 

 

- Vehicle capacity must not be exceeded: 

∑      
                 (4) 

 

- Vehicle load is updated at each customer: 

                             (5) 

 

2.2. Ant Colony Optimization (ACO) 

ACO is a metaheuristic algorithm introduced by Dorigo and Gambardella (1997). It is inspired by the behavior of 
ants that use pheromone trails to find the shortest path to a food source. In CVRP, ACO works by building solutions 
iteratively through probabilistic selection based on pheromone intensity and heuristic desirability. 
ACO Probability Model: 

    
   
     

 

∑    
     

  
   

       (6) 

where 

   
  : Pheromone intensity on edge       

   
  : Heuristic desirability (

 

   
) 

    : Parameters governing the influence of pheromones and heuristics. 

 

One of the key features of ACO is its ability to balance exploration and exploitation through pheromone updates. 
As ants traverse the solution space, they deposit pheromones on promising paths, which are reinforced by subsequent 
ants if the solutions prove effective. Simultaneously, pheromone evaporation ensures that the search does not stagnate 
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on suboptimal solutions, encouraging global exploration. This mechanism allows ACO to adaptively find high-quality 
solutions. 

In the context of VRP, ACO has been widely utilized due to its flexibility in handling constraints such as vehicle 
capacity, time windows, and customer priorities. It generates solutions by treating routes as sequences to be optimized 
and can incorporate domain-specific heuristics to enhance performance. For example, the algorithm can prioritize 
shorter distances or balance vehicle loads while searching for optimal routes. 

Overall, ACO has proven to be a robust approach for solving VRP and other optimization problems, especially in 
logistics and transportation. Its adaptability to integrate problem-specific constraints and its strong theoretical 
foundation make it a versatile tool for real-world applications. However, challenges such as computational cost and 
sensitivity to parameter tuning remain areas of ongoing research. 

2.3. Artificial Bee Colony (ABC) 

ABC was developed by Karaboga (2005) and is based on the behavior of honeybees in searching for food. The 
algorithm divides bees into three categories: employed bees, onlooker bees, and scout bees. In CVRP, employed bees 
construct partial solutions, onlooker bees evaluate solutions, and scout bees explore new regions. 
ABC Evaluation Function: 

     
 

         
       (7) 

 
where         represents the total cost or distance of solution  . 
 

ABC's strength lies in its simplicity and flexibility. Each bee represents a candidate solution in the search space, 
with fitness determining the quality of the solution. Through cycles of solution updates, ABC converges towards 
optimal solutions by refining promising areas of the search space. Unlike other algorithms, ABC's emphasis on 
random exploration by scout bees helps prevent premature convergence and ensures robustness against local optima, 
making it particularly effective for high-dimensional problems. 

The algorithm has been widely applied to a variety of optimization problems, including continuous, discrete, and 
combinatorial challenges. For Vehicle Routing Problem (VRP), ABC demonstrates strong capabilities in identifying 
optimal routes by modeling food sources as potential paths and adjusting them iteratively. Its flexibility enables the 
incorporation of constraints, such as vehicle capacity or time windows, providing practical solutions for real-world 
logistics. 

Several enhanced versions of ABC have been developed to address its limitations, such as slower convergence 
compared to other algorithms. Techniques like hybridization with Genetic Algorithms or improvements in the food 
source selection process have shown significant performance boosts. These enhancements often focus on improving 
the algorithm’s exploitation capabilities while maintaining its inherent exploratory strength. 

In summary, ABC is a powerful optimization tool that combines simplicity with effective problem-solving abilities. 
Its application in VRP and other domains highlights its versatility, though challenges like convergence speed and 
parameter sensitivity remain areas of ongoing research and development (Akay, & Karaboga, 2012). 

2.4. Previous Studies 

Literature shows that ACO tends to produce high-quality solutions by utilizing collective information through 
pheromones, but requires longer computation time on large problems. In contrast, ABC is superior in terms of 
computational efficiency, especially on small to medium-sized datasets (Karaboga, & Akay, 2009; Blum, & Roli, 
2003). 

3. Materials and Method 

In this study, we compare the performance of Ant Colony Optimization (ACO) and Artificial Bee Colony (ABC) 
algorithms in solving the Capacitated Vehicle Routing Problem (CVRP) using simulation-based experiments. Both 
algorithms were implemented in a simulated environment using predefined parameters to model the VRP with 
capacity constraints.  

3.1. Algorithm Implementation 

a). ACO: The ACO algorithm was implemented based on the standard version, where artificial ants explore solution 
space by following pheromone trails. The algorithm focuses on exploring feasible routes while updating 
pheromone values based on solution quality. 

b). ABC: The ABC algorithm, inspired by the foraging behavior of honeybees, was applied to explore solution 
space. It uses employed bees, onlooker bees, and scout bees to find optimal routes. 
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3.2. Experiment Setup 

Simulations were conducted on several hypothetical VRP scenarios with varying numbers of customers and vehicle 
capacities. For consistency, both algorithms used the same initial parameters, such as population size, iteration limits, 
and local search strategies. The scenarios tested included variations in problem size, where the number of customers 
and the vehicles’ capacity were changed to observe how each algorithm adapts. 

3.3. Evaluation Criteria 

The performance of both algorithms was evaluated based on: 
a). Solution Quality: Measured by the total distance traveled by the vehicles. 
b). Computation Time: Time taken by each algorithm to converge to a solution. 
c). Convergence Speed: Time required to reach an optimal or near-optimal solution. 

4. Results and Discussion 

4.1. Example Scenarios and Cases for Vehicle Routing Problem  

Initial Simulation Parameters 
a. Population size: 50 individuals 
b. Iteration limit: 100 iterations 
c. Local search strategy: Tailored for each algorithm.  

4.1.1. Scenario 1: Small-Scale Problem 
 

- Number of customers: 10 
- Vehicle capacity: 20 units per vehicle 
- Available vehicles: 2 
- Customer demands: 1–5 units 

 
Problem Description: Customers are located within a compact urban area. The goal is to minimize travel distance 

while adhering to vehicle capacity constraints. 
 
Experiment Results: 

a). ACO: Total distance of 110 km in 25 iterations. 
b). ABC: Total distance of 115 km in 35 iterations. 

 
Analysis: ACO achieves better performance due to its exploitation capability via pheromone trails. ABC requires 

more iterations to reach a similar solution. 

4.1.2. Scenario 2: Medium-Scale Problem 
 

- Number of customers: 25 
- Vehicle capacity: 30 units per vehicle 
- Available vehicles: 4 
- Customer demands: 2-10 units 

 
Problem Description: This scenario involves suburban customer locations, demanding more complex routing 

solutions due to increased delivery points. 
 
Experiment Results: 

a). ACO: Total distance of 450 km in 50 iterations. 
b). ABC: Total distance of 470 km in 65 iterations. 

 
Analysis: ACO provides more stable and optimal solutions for medium-scale problems, while ABC demonstrates 

strengths in exploring solutions but has less efficient initial performance. 

4.1.3. Scenario 3: Large-Scale Problem 
 

- Number of customers: 50 
- Vehicle capacity: 50 units per vehicle 
- Available vehicles: 10 
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- Customer demands: 5-15 units 
 
Problem Description: Customers are spread over a large city or intercity area, requiring longer computational times 

and more sophisticated optimization. 
 
Experiment Results: 

a). ACO: Total distance of 850 km in 90 iterations. 
b). ABC: Total distance of 890 km in 100 iterations. 

 
Analysis: For large-scale problems, ACO consistently produces more efficient and stable solutions. ABC takes 

more iterations and lacks consistency in near-optimal solutions. 
 

4.2. Algorithm Performance 

The results of the simulations revealed that both ACO and ABC showed promising results in solving the CVRP, 
but with some key differences in performance. In scenarios with a large number of customers and complex 
constraints, ACO demonstrated a more stable performance, consistently producing high-quality solutions. ACO's 
ability to exploit previously explored solutions allowed it to fine-tune the routes efficiently, particularly in large-scale 
problems. 

In contrast, ABC excelled in smaller-scale problems where the exploration of the solution space was more crucial. 
ABC's ability to rapidly explore different routes using scout bees allowed it to find diverse solutions, though the 
convergence to an optimal solution was slower compared to ACO. Despite this, ABC's flexibility made it highly 
adaptive when faced with changes in the problem size. 

4.3. Solution Quality and Convergence 

When analyzing solution quality, ACO generally produced lower total distances, especially in larger problem 

instances. This suggests that ACO's exploitation of pheromone information helps it to converge more quickly to 

optimal solutions in complex problems. On the other hand, ABC showed better performance in exploratory search, 

providing a wider range of potential solutions but often at the cost of longer convergence times. 

4.4. Computational Efficiency 

ACO proved to be more computationally efficient in terms of time, particularly in large-scale problems. This is 

likely due to its focused search process, which limits the exploration of infeasible solutions. ABC, while capable of 

producing diverse routes, required more iterations to converge, particularly in larger problem instances. However, its 

adaptive nature makes it a valuable algorithm for problems with uncertain or dynamic constraints. 

4.5. Implications for VRP 

These findings emphasize the importance of selecting the appropriate algorithm based on problem characteristics. 
For larger and more complex VRPs, ACO may be more suitable due to its stability and faster convergence. On the 
other hand, ABC could be more effective for smaller or more dynamic problems where exploration and flexibility are 
critical. 

In conclusion, while both algorithms provide strong performance, the selection between ACO and ABC should be 

based on the specific requirements of the VRP instance, such as the scale of the problem, the importance of 

exploration versus exploitation, and computational resources available. 

5. Conclusion 

This study evaluated the performance of Ant Colony Optimization (ACO) and Artificial Bee Colony (ABC) 
algorithms in solving the Capacitated Vehicle Routing Problem (CVRP). The experiments demonstrated that both 
algorithms effectively find optimal solutions, but with notable differences in their characteristics. ACO exhibited 
better stability and efficiency for larger-scale problems, while ABC excelled in exploring solutions for smaller-scale 
scenarios. These findings provide valuable insights for selecting the appropriate algorithm based on problem size and 
complexity in real-world logistics and distribution contexts.  
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