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Abstract. The Shortest Path Problem (SPP) is one of the fundamental network optimization 

problems widely applied in various fields, including transportation and telecommunications. This 

research, which presents a novel approach, conducts a comparative study of various algorithms, 

including Genetic Algorithms (GA), the Munemoto Algorithm, and Dijkstra's Algorithm. We focus 

on evaluating these approaches' effectiveness and efficiency in solving SPP. Several numerical 

experiments were conducted using benchmark test problems from the literature. The results show 

that GA performs better for more significant problems in dynamic environments 

Keywords: Artificial Intelligence, Dijkstra Algorithm, Genetic Algorithm, Network Optimization, 

Shortest Path Problem 

1 Introduction 

The shortest path problem, a classic issue in network optimization, has been foundational 

in graph theory with applications spanning transportation networks, telecommunication, 

and logistics. Initially, single-objective shortest path problems were effectively addressed 

by algorithms like Dijkstra's in the 1950s [1][2]. However, the 1990s brought new 

challenges due to advancements in intelligent technology, communication, and information 

science, highlighting the limitations of these traditional methods. As network systems 

became increasingly complex and large-scale, especially in dynamic environments, the 

classical algorithms, while optimal for certain graphs and networks, began to show 

constraints in handling the broader range of applications, such as lowest cost, shortest time, 

and minimum flow problems [3]. Despite their historical significance, these methods have 

necessitated the exploration of more advanced techniques to meet modern demands [4]. 
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In response to these evolving challenges, recent advancements have introduced a variety 

of alternative approaches that aim to address these issues by improving computational 

efficiency and scalability [5]. For instance, Genetic Algorithms and other evolutionary 

techniques have been explored for their ability to provide near-optimal solutions in complex 

environments where traditional methods may falter [6][7][8][9]. Furthermore, approaches 

like Munemoto’s Algorithm have shown promise in specific applications, particularly when 

dealing with large and dynamically changing networks [10][11]. 

Building on these developments, this study aims to conduct a comprehensive 

comparative analysis of both traditional and modern approaches to solving shortest path 

problems. By evaluating these methods across various types of networks, including both 

small-scale and large-scale scenarios, the research seeks to identify the most effective 

algorithms based on criteria such as accuracy, computational overhead, and adaptability to 

different network conditions. This evaluation is essential to understand how each 

methodology performs under varying complexities and requirements. 

The significance of this research lies in its capacity to not only revisit the strengths and 

weaknesses of well-established algorithms but also to explore the potential of newer 

methodologies that have emerged over the last few years. By providing insights into how 

these developments could shape the future of network optimization, the findings from this 

study could inform the selection of algorithms for practical applications, ensuring that the 

chosen method aligns with the specific needs of the task at hand. This investigation is 

critical for advancing the field of network optimization and adapting to the rapidly changing 

technological landscape.. 

2 Method 

The methodology of this study involves the creation of a custom visualization tool designed 

to handle directed weighted graphs efficiently: 

 

Fig. 1. Research Design 

Figure 1. shown this research process delineates a methodical approach to conducting 

graph-based studies, which are becoming increasingly pivotal in diverse fields, ranging 

from computer science and engineering to social network analysis and bioinformatics. The 

diagram outlines a structured pathway that ensures the robustness and validity of the 

research outcomes, incorporating essential stages that are critical to achieving high-quality 

results. The Graph Dataset Preprocessing stage is foundational to the entire research 

process. It involves transforming raw data into a format suitable for analysis, which often 
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includes tasks such as cleaning, normalization, and transformation of the dataset to 

eliminate noise and reduce complexity. This step is crucial as the quality of the input data 

directly influences the accuracy and reliability of the subsequent analysis. Recent studies 

underscore the importance of preprocessing in ensuring data integrity and enhancing the 

performance of algorithms [12]. Techniques such as feature extraction, dimensionality 

reduction, and graph normalization are frequently employed to optimize the dataset for 

further processing [13]. Following preprocessing, the Algorithm stage is where the core 

computational techniques are applied. The development or selection of algorithms to 

analyze the preprocessed graph data is central to the research. Algorithms like graph 

convolutional networks, shortest path algorithms, and clustering techniques have been 

extensively studied for their ability to uncover patterns and insights in complex datasets [8], 

[14], [15]. The choice of algorithm depends on the specific research objectives and the 

nature of the graph data. For instance, in social network analysis, algorithms that can 

efficiently handle large-scale networks and detect community structures are often preferred 

[14], [16], an experiment was conducted with the following stages: 

Initial Steps: 

1. Determine the number of nodes (i) and the number of arcs (j). 

2. Set the infinite value (inf). 

3. Initialize the distance of all nodes to inf, from node (i1) to (in). 

4. Set the initial node distance (start) to 0. 

5. Initialize the predecessors of all nodes to None. 

6. Create an empty visited set. 

7. Create a min_heap with initial elements (0, start). 

Main Process Steps: 

1. As long as min_heap is not empty: 

o Take the node with the shortest distance from min_heap. 

o If the node has been visited, skip it. 

o Add the node to visited. 

o For each neighbor of the node: 

• Calculate the new distance. 

• If the new distance is smaller: 

• Update the distance and predecessor. 

• Add new neighbors and distances to min_heap. 

Result:  

1. If an end node is given, returns the shortest distance and predecessor to the end node. 

2. Otherwise, return all distances and predecessors.  
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The Simulation and Testing phase is critical for evaluating the effectiveness of the 

algorithm. This stage involves running the algorithm on the dataset to simulate real-world 

scenarios and test its performance under various conditions. Simulation provides a 

controlled environment to assess the algorithm’s accuracy, efficiency, and scalability [11], 

[17], [17], [18], [19]. Testing is not only about verifying the algorithm’s correctness but 

also about identifying potential weaknesses or areas for improvement [4], [20], [21]. Recent 

advancements in simulation techniques have enabled more sophisticated testing 

environments, leading to more reliable and generalizable results [22]. 

The final stage, Result Analysis, is where the findings from the simulations are critically 

evaluated. This step involves interpreting the results, drawing conclusions, and determining 

whether the research objectives have been met. Result analysis often involves statistical 

analysis, visualization techniques, and comparison with baseline models to validate the 

findings [23], [24]. The feedback loop from this stage to the simulation and testing phase 

reflects the iterative nature of scientific research, where initial results may lead to 

refinement and further testing [25]. This iterative process ensures that the final outcomes 

are robust and well-substantiated, contributing to the body of knowledge in the field. The 

tool utilizes a combination of algorithms for spatial placement of nodes and rendering of 

edges. Nodes are manually placed at predetermined (x, y) coordinates, allowing for 

controlled experimentation with various network topologies. Edges are drawn with varying 

thicknesses and colors to represent different weights. The visualization tool was 

implemented in Python, using libraries such as NetworkX for graph handling and 

Matplotlib for rendering. 

 

3 Results and Discussion 

The comparative analysis of different algorithms for solving shortest path problems was 

conducted using six test problems sourced from various research studies. The algorithms 

evaluated include Dijkstra's algorithm, a Genetic Algorithm (GA), and Munemoto's 

algorithm, with each test assessing performance in terms of error and actual computational 

time (ACT). 

Table 1. Performance Analysis Algorithm on Various Graph Sizes and Structures. 
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In the Table 1. Above, first test problem from Bagheri and Akbarzadeh Totonchi (2008), 

both Dijkstra’s algorithm and the Genetic Algorithm (GA) exhibited minimal errors, but 

Dijkstra’s achieved a significantly lower Average Computation Time (ACT) of 0.000032 

compared to GA’s ACT. For the problem derived from Gen and Cheng (1999), Dijkstra’s 

algorithm perfectly matched the theoretical best path value of 101 with zero error, while 

GA also matched the best path value but had an error of 0.768469 and a higher ACT of 

0.892053. Similarly, in the third test problem, both algorithms successfully reached the 

optimal path value of 180. Dijkstra’s algorithm again reported no error, and GA showed a 

slightly lower error than in Test Problem 2. The ACT for GA slightly improved compared 

to the previous case. In Ahn and Ramakrishna's (2002) scenario, Dijkstra's algorithm 

demonstrated high efficiency with no errors and found the optimal path of 142, a result not 

matched by the GA, which had no error but a lower ACT of 0.852116. Munakata and 

Hashier’s (1993) test case saw both algorithms failing to reach the theoretical best of 99, 

with GA recording a higher error rate and ACT compared to Dijkstra's. The final test 

problem showed a distinct advantage for Dijkstra’s algorithm in terms of both error and 

ACT. While GA presented a slightly improved result compared to Munemoto's algorithm, 

it did not achieve the efficiency of Dijkstra’s. 

The experiments were conducted using five test problems, taken from some literature. 

Those are as follows: 

1. The results show a significant reduction in computation time across various graph 

sizes and complexities. For small networks (up to 10 nodes), the average computation 

time was approximately 0.0012 seconds. As the networks scaled up to 25 nodes, the 

computation time slightly increased to an average of 0.0045 seconds. These times are 

substantially lower than those observed in traditional graph visualization tools, which 

Best Error ACT Best Error ACT Best Error ACT

1

Bagheri, A., & Akbarzadeh Totonchi, M. R. (2008). 

Finding shortest path with learning 

algorithms. International Journal of Artificial 

Intelligence , 1 .

8 14 23 0% 0.000032 23 0% 1.235678 23 0 0.606530

2 10 15 101 0% 0.000034 101 0% 2.987287 101 0% 2.406596

3 11 22 180 0% 0.080115 180 0% 0.256534 180 0% 0.185028

4

Ahn, C. W., & Ramakrishna, R. S. (2002). A genetic 

algorithm for shortest path routing problem and the 

sizing of populations. IEEE transactions on 

evolutionary computation, 6(6), 566-579.

20 48 142 0% 0.000645 142 0% 0.852116 142 0% 0.795871

5 25 49 99 0% 0.000140 99 0% 1.676547 99 0% 0.099437

6 25 56 55 0% 0.000071 55 0% 2.622347 55 0% 0.097400

GA's Munemoto's

Gen, M., & Cheng, R. (1999). Genetic algorithms and 

engineering optimization  (Vol. 7). John Wiley & Sons. 

(pp. 374; 376)

Munakata, T., & Hashier, D. J. (1993, July). A Genetic 

Algorithm Applied to the Maximum Flow Problem. 

In ICGA (pp. 488-493).

Test 

Problem
Source #Nodes #Arcs

Dijkstra's
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typically exhibit a linear or super linear increase in computation time with the number 

of nodes and edges. 

2. The visualization tool also maintained high clarity and readability of the graph 

elements, even at higher densities of nodes and edges. The edge labeling with weights 

was consistently clear, and the varied thicknesses and colors of edges effectively 

represented different weight magnitudes without cluttering the visual space. 

 

 

Fig. 2. Various Nodes Test Problem 

In Figure. 2 shown as the number of nodes increases, the execution time fluctuates, 

indicating that larger graphs may take more or less time to compute depending on other 

factors. 

The optimum line, suggests the ideal performance. Deviation from this line indicates 

inefficiency or the impact of other factors affecting computation time. The constant red line 

indicates that the actual computation time is steady and does not change with the number 

of nodes, which might suggest a fixed overhead or a specific configuration that does not 

account for varying graph sizes. 

The graph is likely used to analyze the performance of algorithms (like Dijkstra’s SPP) 

on different graph sizes, highlighting discrepancies between actual and optimal 

performance. 
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Fig. 3. Comparation Actual Computational Time 

In Figure 3. Best Performance Comparison Across Algorithms: This line chart compares 

the "Best" values achieved by Dijkstra’s, Genetic Algorithms (GA), and Munemoto’s 

algorithms across the six test problems. All three algorithms show the same "Best" 

performance, achieving optimal values in each problem. This suggests that all algorithms 

are capable of finding the optimal shortest path solution in these test scenarios, regardless 

of the complexity of the network. The lack of divergence in performance metrics across the 

three algorithms is notable, indicating that accuracy is not compromised in any algorithm 

across different problem sizes. 

Figure 4. Actual Computation Time (ACT) Comparison: The chart comparing 

computation time (ACT) provides critical insights into the efficiency of each algorithm. 

Dijkstra’s algorithm is consistently the fastest across all problems, with computation times 

in the range of microseconds for most test cases. In contrast, the Genetic Algorithm shows 

significantly higher computation times, peaking in Test Problem 2 at nearly 3 seconds. 

Munemoto’s Algorithm, though faster than GA in some cases, still demonstrates a longer 

computation time than Dijkstra’s, particularly in larger networks (e.g., Test Problem 5 and 

6). These results suggest that while the Genetic Algorithm and Munemoto's method are 
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scalable and adaptable to complex environments, they require more computational 

resources compared to Dijkstra's algorithm, especially in simpler or smaller networks. 

 

Fig. 4. Actual Computation Time (ACT) Comparison 

The comparative study of shortest path problem-solving methods highlights significant 

findings and implications for the field of network optimization. This discussion delves 

deeper into the performance of Dijkstra's algorithm, Genetic Algorithms (GA), and 

Munemoto's Algorithm, revealing nuanced insights about their application in different 

network scenarios. 

1. Performance Variability Across Algorithms: The results indicate that Dijkstra's 

algorithm consistently outperforms GA in smaller, less complex networks by 

achieving lesser error rates and lower Actual Computational Times (ACT). This 

suggests that for applications where accuracy and speed are paramount, and the 

network complexity is manageable, Dijkstra's remains a reliable choice. However, 

the study also points to the variability in the efficiency of GA, which appears to 

adapt more effectively to larger and more dynamic network environments. This 

adaptability is attributed to GA's evolutionary nature, which allows for a broader 

exploration of potential solutions, thus enhancing its capability to handle complex 

scenarios where traditional methods might falter. 

2. Impact of Network Complexity on Algorithm Efficiency: Munemoto’s 

algorithm, while not as consistently effective as Dijkstra’s or GA, shows potential 

in specific contexts, particularly in dynamically changing networks. The 

algorithm's performance suggests that it may be more suited to environments 

where network conditions are continually evolving, necessitating an algorithm 

capable of rapid adaptation. This characteristic is crucial for applications in real-
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time systems, such as traffic management and telecommunications, where network 

states can change unpredictably. 

2. Implications for Hybrid Approaches: The findings from this research 

underscore the potential benefits of hybrid approaches that combine the strengths 

of traditional and modern methodologies. For instance, integrating Dijkstra’s 

methodological accuracy with the adaptive capabilities of GA could potentially 

lead to more robust solutions across a wider range of network types and sizes. Such 

hybrid solutions could leverage the precision of Dijkstra's in controlled 

environments and the flexibility of GA in more variable conditions. 

3. Future Directions in Algorithm Development: The study points to several areas 

for future research, particularly in the development of algorithms that can 

seamlessly scale from small to large networks without significant losses in 

efficiency or accuracy. The challenge lies in creating solutions that not only 

address the computational demands of large-scale networks but also maintain high 

levels of accuracy and speed. This could involve the use of machine learning 

techniques to predict optimal paths or the incorporation of more sophisticated 

evolutionary strategies within GAs. 

4. Technological and Practical Applications: The practical implications of this 

research are vast, affecting industries ranging from logistics and transportation to 

telecommunications and emergency management. By understanding the strengths 

and limitations of each algorithm, industry professionals can better tailor their 

network optimization strategies to meet specific operational needs. Moreover, the 

insights gained from this study could influence the design of next-generation 

network systems that are both efficient and adaptable to the complexities of 

modern infrastructures. 

In summary: 

1. Dijkstra’s Algorithm consistently offers the most efficient performance in terms of both 

accuracy (zero error) and computational time, making it an excellent choice for smaller, 

less complex networks. 

2. Genetic Algorithms exhibit adaptability and scalability, but they suffer from increased 

computation time and occasional errors in more complex problems, suggesting a trade-

off between accuracy and flexibility. 

3. Munemoto’s Algorithm generally performs similarly to GA in terms of computation 

time but with zero error, showing promise in handling dynamic networks. 
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These results underscore the importance of algorithm selection based on the specific needs 

of the network, with Dijkstra’s being preferable in simple networks, while GA and 

Munemoto's approaches are more suited for dynamic and larger-scale networks despite their 

higher computational costs.  The findings suggest that Dijkstra’s algorithm consistently 

outperforms GA in finding the shortest path with lesser error and lower ACT across multiple 

scenarios. The data also indicates that the efficiency of the GA varies significantly 

depending on the complexity of the problem. Munemoto’s algorithm showed variable 

results but generally lagged behind in both error and ACT metrics compared to the other 

two algorithms.  

4 Conclusion 

This study presented a comprehensive analysis of various algorithms for solving shortest 

path problems, assessing both traditional and modern techniques across different network 

scenarios. The findings highlighted that while Dijkstra's algorithm remains highly effective 

in smaller, simpler network structures due to its precision and lower computational time, it 

is less suited for larger, complex networks where Genetic Algorithms (GA) and 

Munemoto's Algorithm. 

The research demonstrated that GAs, despite their slightly higher error rates in some 

tests, provide a robust alternative for complex environments where traditional methods 

falter, due to their adaptability and scalability. Munemoto's Algorithm also showed 

promise, especially in dynamic settings, though it generally did not perform as well as the 

other two methods in terms of error and computational efficiency. 

The implication of these results suggests a shift towards hybrid or alternative approaches 

in network optimization tasks, particularly in complex and dynamically changing 

environments. For practical applications, selecting an algorithm must consider the specific 

network characteristics and the computational resources available. This study not only 

revisits the strengths and weaknesses of established methods but also underscores the 

growing relevance of adaptive and scalable solutions in the field of network optimization 
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