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Abstract─This study examined how the Ant Colony 

Optimization (ACO) algorithm could be used to improve urban 

route planning, using a simulation based on the classic 

Traveling Salesman Problem (TSP). Four city locations were 

represented using Cartesian coordinates, and the distances 

between them were calculated with the Euclidean formula. The 

experiment was conducted in Python 3.13.0, applying 

NetworkX and Matplotlib for modeling and visualization. The 

ACO algorithm was configured with four ants and ten 

iterations, using standard parameters such as pheromone 

importance, evaporation rate, and heuristic influence. The 

results showed that the ants generated distinct routes. The 

most efficient path—C4, C3, C1, C2, C4—was identified early 

in the process, with a total length of 241.45 km. The variability 

in the solutions highlighted ACO’s ability to explore multiple 

possibilities within the search space. Compared to other 

heuristic techniques like Genetic Algorithms, Tabu Search, or 

Simulated Annealing, ACO showed a more flexible and stable 

performance, particularly in dynamic urban environments. 

These qualities suggest that ACO could be a valuable approach 

for tackling routing problems in cities, especially when 

conditions such as traffic or delivery constraints are in 

constant change. While results were promising, future research 

is encouraged to evaluate ACO in more complex urban 

scenarios and explore how tuning its parameters might 

enhance its performance in real-world applications. 

    Keywords─Ant Colony Optimization, Metaheuristic  

 

Optimization, Traveling Salesman Problem (TSP) and Urban 

Transportation Planning. 

 

 

 
I. INTRODUCTION 

The ACO algorithm, developed by Marco Dorigo in 1990, 

is an optimization technique based on collective intelligence 

focusing on the behavior of ants searching for optimal routes 

to food sources [1][2]. Some authors have shown that ACO 

presents a considerable efficiency in solving the traveling 

salesman problem (TSP), which in turn is defined as a 

classical combinatorial optimization problem in 

communication sciences and applied mathematics, also, it 

consists of finding the shortest path through a set of cities, 

visiting each one exactly once and returning to the point of 

origin. Since this problem belongs to the NP-hard class, exact 

algorithms are inefficient when the number of nodes grows 

significantly [3]. In an applicative context, ACO's ability to 

adapt to changes and iterative learning makes it a useful tool 

for simulated urban contexts. Nowadays, contemporary cities 

face increasing challenges in the planning and management of 

their mobility systems, the increase of urban population, 

vehicular congestion and associated environmental problems, 
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generate a need to optimize urban routes as a facility to 

improve transportation efficiency and reduce environmental 

impact [4]. 

Urban environments nowadays require algorithms capable 

of finding optimal solutions in reasonable time. The ant 

colony algorithm, considering its collaborative behavior 

mechanism in finding efficient routes, presented a vehicle 

routing problem with flexible time windows, where the use of 

ACO was proposed for the logistics of a vegetable and food 

company in China, in order to validate a multi-objective 

model with 16 delivery points where the results showed that 

greater savings can be generated in the company's logistics 

due to the use of ACO with more flexible time sales [4][5]. 

 

 
The objective of this study was to elaborate optimal routes 

by means of the ant colony optimization algorithm as an 

alternative for solving TSP through in silico experimentation 

for applicability in urban areas and city-scale solutions. 

II. MATERIALS AND METHODS 

A. Conditions of the experiment 

There were four points represented by Cartesian 

coordinates (cities): C1 (9, 76), C2 (28, 75), C3 (98, 3) and C4 

(96, 27) as shown in Figure 1. The distance between each pair 

of cities was calculated using the Euclidean distance formula, 

which considers the differences in the X and Y coordinate 

values. 
 

Fig. 1. Diagram of the location of the cities represented. 

B. Algorithm implementation 

It was carried out in two sub-steps: (1) an automated pre-

built ant colony algorithm (adapted from: 

https://www.datacamp.com/tutorial/swarm-intelligence) was 

used, (2) the algorithm was standardized, where, the number 

of ants= 4, number of interactions= 10, importance of 

pheromones= 1.0, importance of heuristics= 1.0, pheromone 

evaporation rate = 5% per interaction, amount of 

pheromones= 0.0453. 

Code used: 

from aco import AntColony 

import matplotlib.pyplot as plt 

import networkx as nx 

def graphic_path(path): 

G = nx.DiGraph() 

edges = [(path[i], path[i+1]) for i in range(len(path)-1)] 

G.add_edges_from(edges) 

pos = {node: node for node in path} 

nx.draw(G, pos, with_labels=True, 

node_color='orange', node_size=500, arrowsize=20) 

plt.title("Best path found by ACO") 

plt.show() 

cities = [ 

(9, 76), 

(28, 75), 

(98, 3), 

(96, 27), 

] 

colony = AntColony( 

nodes=cities, 

ant_count=4, 

alpha=1.0, 

beta=1.0, 

pheromone_evaporation_rate=0.05, 

pheromone_constant=0.0453, 

iterations=10, 

) 

best_path = colony.get_path() 

print("Best path found:", best_path) 

graphic_path(best_path) 

C. Analysis of results 

The results obtained were based on the complete routes 

generated by calculating their distance measured in 

kilometers, where the routes with the best accumulated 

distance were prioritized, the results were analyzed using 

Python software version 3.13.0 through NetworkX and 

Matplotlib libraries. 
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III. RESULTS AND DISCUSSION 

The results obtained showed that the optimal route found 

was C4, C3, C1, C2, C4. This route represents a closed loop 

that respects the TSP condition and was selected because it 

presented the shortest total distance among all the simulations 

performed. The approximate numerical value of this distance 

was 241.45 km, calculated from the sum of the Euclidean 

distances between each pair of consecutive cities on the route 

as seen in Figure 2. 

 

 
Fig. 2. Scheme of solution obtained. 

Further in detail, the ACO algorithm used, ant 1, 

constructed a path (4, 3, 1, 2, 4) reached a total length of 

241.45 km, ant 2, obtained the path (3, 1, 4, 2, 3), with a length 

of 398.61 km, while the third ant generated the sequence (4, 

3, 2, 1, 4), with a total of 243.38 km. Finally, the fourth ant 

constructed the path (2, 1, 3, 4, 2), whose total length was 

276.17 km, as shown in Figure 3. 
 

 

Fig. 3. Bar graph considering distance traveled. 

Considering the analysis of variance in the distance 

traveled by each ant, it was observed that there is a significant 

difference between the distance traveled by each ant; however, 

the ant with the longest distance traveled was ant two, and the 

one with the shortest distance traveled was ant one. The 

variation observed in the distances traveled by the different 

ants evidences the algorithm's ability to explore multiple 

viable solutions within the search space, which is especially 

useful in complex and nonlinear problems such as urban 

routing [6], [7]. Compared to other methods, ACO has key 

advantages that justify its choice in this study. First, unlike 

genetic algorithms (GA), which operate by crossover and 

mutation operators on populations of coded solutions, ACO 

simulates the collective behavior of simple agents (ants) 

interacting with their environment through the pheromone 

trail [8], [9]. This feature allows ACO greater adaptability in 

dynamic search spaces, such as those found in urban 

environments, where traffic and accessibility conditions can 

change in real time [10], [11]. 

Also, compared to tabu search (TS), which employs short-

term memory to avoid cycles and explore neighboring 

solutions, ACO offers more global exploration from the 

outset, allowing emerging solutions to be strengthened based 

on positive reinforcement [12], [13]. While TS may be more 

effective in locally exploiting nearby solutions, ACO 

maintains a better balance between exploration and 

exploitation, which is critical when starting from limited 

information or highly variable scenarios [14], [15], [16], [17]. 

With respect to simulated annealing (SA), which relies on a 

thermal analogy to accept suboptimal solutions with some 

decreasing probability, ACO exhibits greater stability and 

convergence to optimal or near-optimal solutions with less 

dependence on fine-tuning of temperature or cooling 

parameters [18], [19][20], [21]. 

A case study conducted by Mariusz Korzeń in Poland 

demonstrated the application of the Ant Colony Optimization 

(ACO) algorithm in urban contexts, particularly for public 

transport route planning. The author proposed a modified 

version of ACO with direct implementation in urban 

agglomerations that demand sustainable, efficient, and 

reliable mobility systems. The model incorporated real-world 

parameters such as driving time, route length, delays, and 

urban attractiveness, achieving an 11.5% reduction in 

logistical effort compared to existing routes [22]. These 

findings suggest that ACO algorithms represent a viable 

alternative for the organization and optimization of public 

transport in urban development scenarios, offering potential 

applicability in Ecuadorian cities facing similar challenges in 

sustainable mobility. 

IV. CONCLUSIONS 

The application of the ant colony algorithm (ACO) in 

urban route optimization proved to be an effective and 

versatile strategy to solve routing problems with multiple 

nodes and spatial constraints. From the in silico simulation 

performed, it was observed that ACO was able to generate 

feasible solutions with significantly different paths from each 

other, highlighting the algorithm's ability to explore a wide 

search space. The most efficient path, with a total length of 
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241.45 km, was obtained in the first iterations, which 

evidences its potential to converge to optimal solutions even 

in preliminary stages of execution. However, it is important to 

note that the efficiency of the algorithm may depend on the 

fine tuning of its parameters and the size of the problem. 

Therefore, future work could consider the application of ACO 

on more complex urban scenarios, integrating variables such 

as temporal constraints, traffic conditions or logistic priorities. 

This study was conducted in a laboratory setting for 

educational and exploratory purposes. Therefore, in future 

research, we plan to apply ACO algorithms to complex, real-

world urban contexts. Considering the results obtained, these 

algorithms are a clear alternative for route optimization, 

focusing specifically on TSP. 
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