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Abstract  Original Research Article 
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4.0 International License (CC BY-NC 4.0). 

Distance calculation has incredibly evolved to be a pivotal anchor and a huge relief for commuters, data 

transmission settings, packet delivery and those seeking optimal paths to save time and resources. The main 

concern has driven from latency, resource consumption to optimized completeness in real-time bearing in mind 

edges and vertices configuration; whether negative or non-negative. When applied in air routing, it increases 

efficiency and productivity in the aviation sector and as well, improves the overall performance. When applied 

in data routing network - frames and packet transmission are relayed in wholeness with packet set priorities. 

When applied in unclassified network graph, there is need to increase the turnaround time for node-to-node 

traversals with mixed edge and vertices. This research paper is focused on integrating the two foremost 

traditional shortest path algorithms: Modified Dijkstra and Bellman-Ford. The former is fundamental in finding 

an optimal route in a non-negative network using complex and multiple parameters led by Comparison-

Addition Model (CAM) while the later is a robust and highly efficient shortest path algorithm with full 

optimization in negative graphs led by Relaxation Principle (RP). The implementationality and applicability of 

the algorithms, and its approaches for shortest path computation bearing mind its unique characteristics, 

configuration and structures. Shortest path calculations from single source to multiple destinations in a digraph 

network involve a designated route through the edges and vertices which are meant to be linked to the entire 

nodes in the network. CAM and RP are methodologies used to further analyze and compare the algorithms and 

routing patterns called traversals.  From the source to destination nodes. The process ensured reduction in the 

number of iterations; quick and optimal route discovery were enhanced, and the entire network model 

experienced a minimized latency power. Using CAM and RP in network routing will in no doubt improve data 

route movement, transmission and packet delivery regardless of the network graph configurations, structures 

and density.  

Keywords: Comparison-Addition Model (CAM), Shortest Path Algorithm, Optimization, Traversal, Routing, 

Congestion Reduction, Flight Path, Dijkstra’s Algorithm, Bellman-Ford Algorithm. 
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1.1 Introduction 

Shortest path problem solving has long rested on 

fundamental algorithms with origins in graph theory, 

such as Bellman-Ford and Dijkstra's. Despite their 

successes, the growing complexity and dynamic 

nature of contemporary networks have exposed their 

shortcomings. Advanced approaches include 

heuristic, hybrid and artificial intelligent (AI) driven 

methods have been developed to get around these 

challenges. This innovation has improved computing 

efficiency, security and adaptability (Hadi & 

Ibrahim, 2025). Shortest path algorithms are built on 

defined foundations in graph theory, that depict 

networks as graphs composed of nodes (representing 

devices) and edges (representing connections). Basic 

algorithms such as Bellman-Ford and Dijkstra's were 

the first to tackle the single-source shortest path 

problem. Due to their efficiency and ease of use, 

these conventional techniques are still widely used 

today and have formed the basis of modern routing 

protocols. Bellman Ford, for instance, has proven to 

be robust in situations when edge weights are 

negative, and Dijkstra's technique is crucial for link-

state routing protocols. With the increasing 

sophistication and breadth of networks, traditional 

shortest path approaches have faced challenges in 

handling resource constraints, large datasets, and 

shifting topologies. To address these problems, 

emphasis has been laid on developing complex 

algorithms that incorporate heuristics, hybrid 

approaches and artificial intelligence. Some 

optimization modules like the ant colony takes 

advantage of natural foraging behavior to determine 

the optimal routes and block chain-based solutions 

enhance routing security by providing transparent 

and unchangeable path decisions. With these 

advancements, algorithms may now adapt 

dynamically to changing network conditions and 

increase computational efficiency. However, they 

have been limits such as inflexibility needed in 

achieving the shortest path in rapidly changing 

network topologies. Based on this, a need for optimal 

and adaptable approach is desired (Chadjou & 

Kyamakya, 2015; Hadi & Ibrahim, 2025). 

A densely populated network graph is characterized 

by a large number of interconnected vertices and 

edges, present significant challenges in route 

tracking due to increased computational complexity, 

path redundancy, and scalability concerns. Using 

traditional shortest-path algorithms such as Dijkstra's 

Algorithm and Bellman-Ford’s Algorithm may rely 

primarily on edge relaxation techniques to determine 

optimal routes. However, in highly connected 

networks, these approaches may experience 

increased processing overhead as the number of 

possible paths grows exponentially. To integrated 

route-tracking framework that combines the 

Comparison–Addition Model (CAM) with the 

Relaxation Principle (RP) to improve path discovery 

efficiency and route optimization within dense 

network environments in not just and improvement, 

but time saving venture (Mba et al, 2026). 

The Comparison–Addition Model which comes from 

the modified Dijkstra’s Algorithm introduces a 

systematic mechanism for comparing alternative 

path costs while incrementally accumulating edge 

weights throughout network traversal. Concurrently, 

the Relaxation Principle continuously updates 

tentative shortest distances whenever a more optimal 

route is discovered regardless of its edge 

configurations. The integration of CAM and RP 

enables the algorithm to evaluate competing routes 

through comparative cost analysis while dynamically 

refining path estimates using relaxation operations 

and negative edges accommodation. This dual 

mechanism reduces unnecessary path explorations, 

enhances convergence speed and improves route 

selection accuracy. The integrated CAM–RP 

framework is particularly suitable for applications 

involving transportation networks, communication 

systems, airline route optimization, intelligent traffic 

management and large-scale data packet routing for 

di and undirected graphs. By combining additive 

path accumulation with continuous relaxation-based 

optimization, the model achieves improved route-

tracking performance, reduced computational 

redundancy and enhanced scalability in dense graph 

structures. The framework provides a robust 

foundation for developing next-generation shortest-

path and route-optimization algorithms capable of 

handling increasingly complex network topologies 

while maintaining high levels of accuracy and 
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computational efficiency irrespective of next-edge 

and next-vertex definitions (Mba et al, 2026, Hadi & 

Ibrahim, 2025, Mba & Mbeledogu, 2024).  

Rodrigue (2024) suggested that the core advantages 

of air transportation are speed and flexibility in 

network configuration. Air routes are practically 

unlimited but denser over the North Atlantic, inside 

North America, Europe, and over the North Pacific. 

More recently, air transportation has accommodated 

growing quantities of high-value freight and is 

playing an increasing role in global logistics. In 

Nigeria, air transportation generates some financial 

benefits due to the economic activities. Nigeria 

operates a certified Category 1 aviation. This is 

because of its high performance in the air transport 

sector. Based on this certification, Nigeria’s air 

safety status has improved and now presents the 

country in the premier League of Nations that are 

highly rated in air transport. The growth of the ability 

and the need to transport large quantity of goods or 

number of people over long distances at high speeds 

in comfort and safety have been the index of 

technological progress in air transportation system. 

The major components of this system include 

airports, air traffic control system, aircraft and 

airlines. Any change in each of these components 

will have important consequences for the future of 

aviation industry (Nissalike, 2025). As one would 

expect any infrastructure that has such ubiquitous 

reach, air transportation systems face significant 

challenges in Nigeria. (Saheed et al., 2015) identified 

some key difficulties as high cost of operation, poor 

maintenance of airports and aircrafts, and 

insufficient financial resources.  

Mba and Mbeledogu (2024) adopted the Modified 

Dijkstra’s Shortest Path Algorithm (MDSPA) to 

investigate the shortest path in Terminal 

Maneuvering Area (TMA) using Comparison 

Addition Model (CAM) flexible with permutation 

and combination capabilities. TMA addressed the 

problem of distance and altitude miscalculations 

where enroute airspace begins in air transportation 

system for digraph. The efficiency and reliability of 

transportation and data routing across networks 

depends heavily on the means and routing 

algorithms. Aside the tremendous benefits associated 

with air transportation, considering it as an overlay 

in a routable hybrid model of Modified Dijkstra’s 

and Bellman Ford algorithms, knowing their 

uniqueness makes the entire research palpable. 

Shortest path techniques are necessary to reach 

optimal performance and engaging algorithms to 

determine the optimal data transmission channels 

aimed to reducing critical characteristics such as 

latency, attenuation, cost, and energy consumption 

while maintaining network reliability and stability 

over a dedicated route is a clear definition of 

optimality. 

 

Routing Table/Information Base (RIB) 

To effectively build a framework for the integration 

of CM-RP model, a routing table or routing 

information base (RIB) which defines a data table 

stored in a routing network that host that lists the 

routes to particular network destinations and in some 

cases, metrics (distances) associated with those 

routes must be formulated. The routing table 

contains information about the topology of the 

network immediately around it and can be easily 

visited during route traversals and optimization 

within the network model graph (Kinza, n.d). 

 

Shortest Path Algorithm Classification  

Shortest path algorithm can be streamlined to two 

primary and distinct groups. They are classical and 

heuristic. (Mba & Mbeledogu, 2024; Hadi & 

Ibrahim, 2025). Figure 1.3 gives a pictorial 

illustration of the classification holds more details.
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Figure 1.1: Shortest Path Algorithms Classification (Hadi & Ibrahim, 2025) 

 

 

Classical Algorithms for Shortest Path 

Deterministic techniques known as classical 

algorithms ensure the best answers to shortest path 

issues. Examples include Bellman-Ford, which can 

handle distributed computations with negative 

weights, and Dijkstra's, which is appropriate for 

graphs with non-negative weights. They serve as the 

cornerstone of reliable and effective network routing, 

and are independently called single source shortest 

path (SSSP) problem algorithm (Mba & Mbeledogu, 

2024). 

 

A. Dijkstra’s Algorithm 

 The Dijkstra’s shortest path algorithm is the 

most commonly used to solve the single source 

shortest path problem today. This algorithm 

avoids the use of negative cycles by assuming 

that all the edges are positive. This allows the 

algorithm to use a heap where the key of a vertex 

is the length. Beginning at the source vertex, each 

adjacent vertex is assigned the cost value of edge 

joining them. Next, each vertex will process the 

least accumulated cost and assign the 

accumulated cost plus the edge cost to each of its 

adjacent vertices. This step is repeated until each 

vertex has been processed. If a vertex is revisited, 

the algorithm will assign the new cost if it is 

lower than the currently assigned cost (Mba & 

Mbeledogu, 2024; Hadi & Ibrahim, 2025). 

 

 

B. Bellman–Ford Algorithm 

This is a graph search technique that finds the 

shortest path between a specific source vertex 

and each other vertex in the graph. This method 

can be applied to both weighted and unweighted 

graphs. Similar to Dijkstra's shortest path 

algorithm, the Bellman-Ford method is 

guaranteed to find the shortest path in a graph. 

Bellman-Ford is more adaptable than Dijkstra's 

method since it can handle graphs with negative 

edge weights, even if it is slower. It is crucial to 
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keep in mind that in a graph with a negative 

cycle, there is not a shortest path. If the road 

continued to circle the negative cycle 

indefinitely, the cost would decrease even if the 

journey duration increased. Bellman Ford thus 

has the added advantage of being able to 

recognize negative cycles.  

 

C. Floyd-Warshall Algorithm 

This is one method for figuring out the shortest 

paths between each pair of nodes in a network. It 

uses a dynamic programming technique to 

determine the shortest paths for the entire graph, 

progressively coming up with solutions to 

smaller sub-problems. The method is applicable 

to both directed and undirected graphs, and is 

particularly effective for dense graphs. However, 

the graph must not have negative weight cycles 

because this would result in undefined shortest 

paths. The process begins by initializing a 

distance matrix, where each entry represents the 

shortest distance between two nodes.  

 

D. Johnson's Algorithm 

It emphasizes on a technique for figuring out the 

shortest paths between each pair of nodes in a 

weighted graph. Because it combines the benefits 

of Bellman-Ford's and Dijkstra's algorithms, it 

works particularly well with sparse graphs. The 

unique feature of Johnson's Algorithm is that it 

can handle graphs with negative edge weights as 

long as there are no negative weight cycles. The 

algorithm first reweights the edges of the graph 

to eliminate negative weights. The Bellman-Ford 

algorithm is used to determine the potential value 

of each node, and then all of the graph's edge 

weights are adjusted. This reweighting ensures 

that all edge weights become non-negative while 

preserving the relative order of shortest 

pathways. The approach uses Dijkstra's 

algorithm to determine the shortest pathways 

from each node after reweighting. Since 

Dijkstra's algorithm works well for networks 

with non-negative weights, this technique allows 

Johnson's Algorithm to perform better for sparse 

graphs than other all-pairs shortest path 

techniques.  

E. A* Search Algorithm 
A popular heuristic-based approach for 

determining the shortest path between a source 

node and a target node in a graph is the A* 

algorithm. It works especially well in 

applications with wide search spaces, such game 

development, robotics, and navigation systems. 

The A* algorithm balances computational 

efficiency and optimality by combining the 

advantages of Greedy Best-First Search and 

Dijkstra's Algorithm. 

A* achieves its performance by using a cost 

function to guide its search. The cost function is 

defined as: 

f(n) = g(n)+ℎ(n) 

Where: 

- g(n) is the actual cost from the start node to the 

current node n. 

- ℎ(n)is the heuristic estimate of the cost from n to 

the target node. 

The heuristic h(n) is a crucial component that 

establishes the algorithm's efficiency. It must be 

acceptable (never overstate the genuine cost) in 

order to guarantee optimal solutions. The method 

iteratively investigates nodes with the lowest f(n) 

value to ensure that the routes most likely to lead 

to the target are examined first. If the heuristic is 

well-designed, A* can significantly reduce the 

search space when compared to other shortest 

path algorithms. Because it enables the heuristic 

to be tailored for specific applications, A*'s 

versatility is highly valued by many (Hadi & 

Ibrahim, 2025).  

 

F. Greedy Best-First Search algorithm  

Greedy Best-First Search is a heuristic-based 

path finding method that looks into nodes that 

seem to be closest to the objective based on a 

heuristic assessment. "Greedy" refers to its 

method of continuously choosing the node with 

the lowest heuristic value in an attempt to reach 

the goal as quickly as feasible. Unlike other 

algorithms, such as A* or Dijkstra's, which 

consider both the expected cost to the objective 
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and the actual cost of accessing a node, Greedy 

Best-First Search alone employs the heuristic 

function to guide its decisions. The algorithm 

evaluates its neighbors based on their heuristic 

values, starting at the source node. After 

selecting the neighbor that appears to be closest 

to the goal, it moves to that node. During this 

process, the algorithm iteratively grows the node 

with the smallest estimated distance to the 

destination. Because of its simple, goal-oriented 

approach, the algorithm can often find a path to 

the objective quickly, especially in simple or 

well-structured graphs. However, because 

greedy best-first search disregards the actual cost 

of reaching a node, it does not yield the shortest 

path. In other cases, the heuristic function may 

even select a longer, less optimal path if it 

produces estimates that are not correct.  

 

G. Ant Colony Optimization (ACO) algorithm  

Ant Colony Optimization (ACO) is a technique 

that was inspired by the way ants forage for food 

in the wild. In the wild, ants initially roam around 

aimlessly, but when they return to the colony 

after locating food, they leave behind pheromone 

trails. Other ants, which are more likely to follow 

paths with higher pheromone concentrations, 

pick up these tracks. Eventually, more ants prefer 

the shortest road since it gathers the most 

pheromone from frequent use. ACO 

computationally simulates this behavior to 

address complex optimization problems, 

especially those involving paths, such the 

traveling salesman problem or network routing. 

The algorithm initially visualizes the problem as 

a graph, where nodes represent decision points 

(e.g., cities on a route) and edges reflect 

relationships with associated costs (e.g., 

distances). The graph is traversed by artificial 

"ants" that construct solutions. Each ant makes 

probabilistic decisions on which path to follow 

next based on two factors: problem-specific 

heuristic information, such as the distance to the 

next node, and the quantity of pheromone on 

each edge, which reflects the cumulative 

desirability of that path. As the ants complete 

their journeys, the algorithm evaluates the quality 

of their solutions. The pheromone on less 

appealing paths is allowed to progressively fade 

away, while more pheromone is introduced to the 

edges of paths that lead to better solutions. This 

evaporation prevents the algorithm from 

becoming stuck in less-than-ideal solutions by 

reducing the influence of suboptimal paths. All 

things considered, Ant Colony Optimization is an 

intriguing illustration of how strong 

computational methods can be inspired by 

natural systems. It is a powerful and adaptable 

tool for resolving optimization issues in a variety 

of fields since it can replicate the decentralized 

and self organizing behavior of actual ants. 

 

1.3 Intelligent Hybrid Model 

The foundational mechanism of an intelligent hybrid 

model revolves around its Comparison-Addition 

Model (CAM), which serves as the primary decision-

making framework for evaluating and promoting 

candidate paths in a network. CAM operates by 

systematically assessing the temporary labels 

assigned to each node during the traversal of the 

network graph. Each node in the network maintains 

a temporary label (TL) representing the cumulative 

cost or weight of reaching that node from the source 

and a permanent label (PL) indicating the finalized 

minimum cost once the node is selected as part of the 

shortest path. The CAM mechanism compares all 

temporary labels in a given iteration, identifies the 

node with the lowest cumulative weight, and 

promotes it to a permanent label, ensuring that the 

route selection is both correct and generally optimal 

within the graph. This procedure prevents premature 

selection of suboptimal paths, which is a common 

limitation in conventional Dijkstra’s or similar 

algorithms when handling complex network 

topologies with multiple alternative routes. 

Complementing CAM, the reversed Comparison-

Addition Model (rCAM) applies a similar logic but 

in reverse order, traversing the network from 

destination nodes toward the source. This backward 

evaluation ensures that any feasible routes that may 

have been overlooked in the forward traversal are 

captured during the return trip, providing 
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bidirectional robustness and significantly improving 

the reliability of the path finding process. In addition 

to these label-based models, the system integrates 

permutation and combination techniques to 

exhaustively generate all possible sequences of 

intermediate nodes between the source and 

destination. By calculating the permutations of node 

sequences and combining them systematically, the 

model is able to produce a complete set of candidate 

routes rather than limiting itself to a single 

deterministic path. This approach is particularly 

important in real-world networks where multiple 

near-optimal alternatives may exist due to variable 

traffic conditions, operational constraints, or edge 

weight fluctuations. To organize and evaluate the 

traversal paths, the model employs a Report 

Evaluation Matrix (REM), which serves as a 

structured framework to classify, rank, and score 

each calculated route against a series of evaluation 

metrics, including cumulative cost, expected travel 

time, network congestion impact, and operational 

feasibility. REM effectively allows the system to 

quantify the performance of each path and select 

those that meet both efficiency and practical 

operational criteria. By integrating CAM, rCAM, 

permutation/combination generation, and REM, the 

model achieves a comprehensive mechanism that 

balances exhaustive path exploration with 

computational efficiency, ensuring that all feasible, 

alternative, and optimal paths are identified and 

ranked systematically during final computation, 

regardless of whether edge weights in the network 

are negative or non-negative, a capability that 

extends the applicability of the model to complex and 

heterogeneous graph scenarios. 

In addition to its core path-evaluation mechanisms, 

the IHM incorporates a suite of performance 

optimization parameters designed to enhance 

operational efficiency and scalability across complex 

networks. Time Factor Optimization (TFO) is central 

to the model’s temporal efficiency, as it allows the 

system to prioritize routing paths that minimize 

overall travel or traversal time. TFO evaluates not 

only the static distance or cost associated with 

network edges but also dynamic factors such as 

expected delays, traversal speeds, and time-sensitive 

constraints relevant to operational environments like 

aviation networks. By embedding TFO, the system 

ensures that the selected paths are temporally optimal 

and realistically feasible, reducing latency and 

improving responsiveness in time constrained and 

critical applications. The Congestion Reduction 

(CR) parameter addresses network flow and load 

balancing by analyzing traffic density, route 

utilization, and potential bottlenecks. CR evaluates 

route paths for their propensity to alleviate or 

exacerbate congestion, promoting alternative routes 

where necessary to distribute network load evenly. 

This reduces the risk of bottlenecks, prevents 

overuse of specific nodes or edges, and enhances the 

overall stability of the network under high-demand 

or densely populated network graph. Memory 

Utilization (MU) engages the combinatorial 

complexity introduced by permutation-based route 

generation. MU ensures that the system efficiently 

manages computational resources, including data 

structures that store the route paths, labels and 

evaluation matrices, minimizing memory overhead 

while maintaining performance. This is particularly 

important when working with large-scale or densely 

connected networks, where inefficient memory 

usage can lead to excessive computational latency or 

system instability. The Reversibility Pattern (RP) 

introduces bidirectional adaptability into the model. 

RP allows the system to dynamically verify that route 

paths remain optimal and feasible when evaluated in 

both forward (source to destination) and reverse 

(destination to source) directions. This is particularly 

valuable in networks subject to changing conditions, 

where a previously optimal path may become 

suboptimal due to real-time variations in edge 

weights, traffic flow or operational constraints. 

The Intelligent Hybrid Model (IHM) further 

distinguishes itself through the integration of 

artificial intelligence (AI) through Random Forest 

Learning, which significantly enhances the system’s 

adaptability and predictive capabilities. By 

leveraging random forest algorithms, the model can 

classify and learn from large datasets of network 

behavior, capturing patterns, correlations, and 

anomalies that would be difficult to encode manually 

through static rules or heuristics. In particular, the 

model utilizes arbitrarily generated datasets sourced 

from the Federal Aviation Authority of Nigeria 
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(FAAN), simulating real-world operational scenarios 

such as variable air traffic conditions, runway usage, 

flight scheduling conflicts, and route congestion. 

These datasets allow the AI component to train on 

diverse and realistic network conditions, enabling it 

to refine route classification, identify trends, and 

predict optimal paths under changing circumstances. 

The AI layer works synergistically with the CAM 

and rCAM mechanisms, using the insights from 

learned patterns to adjust temporary labels, prioritize 

route paths in the REM and even recommend 

alternative routes that human operators may not have 

considered. This adaptive learning capability ensures 

that the system can improve over time, dynamically 

responding to new network conditions, unforeseen 

events or irregular edge weight distributions, 

including negative or non-negative values. 

Additionally, the integration of AI allows the model 

to perform sophisticated edge weight scenario 

analysis, evaluating the impact of potential 

operational changes before they occur, thereby 

supporting decision-making in complex 

environments like aviation sector. By combining 

classical algorithmic rigidity with AI-driven 

adaptability, the model achieves a level of 

intelligence and operational foresight that positions 

it as a highly advanced solution for modern network 

routing challenges, capable of delivering optimal and 

resilient paths in large and densely populated 

network model graph Mba et al, 2026). 

 

Intelligent Hybrid Network Modeling 

The network model for an air route and flight 

dispatch system was abstracted as a graph (see Figure 

1.2).   The algorithm works efficiently for both non-

negative directed and undirected graph network 

systems.

  

 

 
Figure 1.2: Air route network model showing connected nodes and distances 
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Every node has a range value tagged with a 

predecessor and a position.  This clearly identifies 

the node as an airport in the flight pilot’s graph. The 

range of a node is the shorter route from the origin 

node; and the node predecessor is the node preceding 

the given node in the fastest route from the source 

node. The node position may be permanent ‘P’ or 

temporary ‘T’.  

Keynote for the permanent labels of a node and for 

the provisional label of a node are used in this 

analysis.  Attempting to make a permanent node 

implies it is included in the fastest route. When 

needed, the temporary node may be rewritten, but 

once a node becomes permanent it cannot be 

rewritten, except in second iterative traversal to 

determine the round trip.   

 

Network Model Routing and Implementation 

Modified Dijkstra’s algorithm whose strength 

depends on Comparison-Addition Model (CAM) and 

Bellman- Ford algorithm whose greatest advantage 

is the Relaxation Principle (RP) was used in this 

research for the determination of the shortest path in 

air route network model to develop an Intelligent 

Hybrid Model (IHM). A topological survey was 

made within the network system to determine the 

following parameters:  

i. Number of nodes in the 

network  

ii. Physical topology of the network 

iii. The link (edge) distance between a 

node in the network and its predecessor 

iv. The source node 

v. The destination node 

vi. The status of a node (either temporary 

or permanent) 

i. Vertices configuration and 

classification 

The above named parameters from the air route 

network system were used to develop the IHM using 

the following keynotes: 

(i) TL = temporary label of a node 

(ii) PL = permanent label of a node 

(iii) □  = permanent label of a node  

(iv) O = temporary label of a node 

(v) * = permanent label of a node  

(vi) n = a node in the network i.e n1 

= node1, n2 = node2, n3 = node3, n4 =   

 node4, n5 = node5 and n6 = node6, n7 = node7. 

(vii) dij =distance cost between node i 

and j in the network 

(viii) a-l =edge weight (integer varies)
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CA-RP Optimization Analysis: 

 

Figure 1.3: IHM using Relaxation Principle (RP) 

 

 

2. RP Analysis and Formula Derivation  

For dynamic programming strategy using Bellman-Ford, relaxation must be completed for all possible edges n-1 

times adhering to the following steps.  

1. Formulation Derivation  

Given: 

Relax edges n-1 of |V| 

If (u, v) is the edge size and distance between two vertices respectively; then the formula for relaxation is: 

(d [u] + c (u,v) < d [v]) - Equation 1.1 

d [v] = d [u] + c (u,v)  - Equation 1.2 

 

2. Select the edges 

List of edges is given thus given that the network is a digraph: 

 

(1, 2) = |1, 2| = 6 

(1, 3) = |1, 3| = 5 

(1, 4)  = |1, 4 = 5 

(2, 5) = |2, 5| = -1 

(3, 2) = |3, 2| = -2 

(3, 5) = |3, 5| = 1 

(4, 3) = |4, 3| = -2 
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(4, 6) = |4, 6| = -1 

(5, 7) = |5, 7| = 3 

(6, 7) = |6, 7| = 3

 

 

3. Relaxation Iteration (n-1 times) 

 
Figure 1.4: IHM Relaxed Edges and Vertices 

 

 

4. Compute new edges and vertices weight 

|V1| = 0 

 |V2| = 1 

|V3| = 3 

|V4| = 5 

|V5| = 3 

|V6| = 4 

|V7| = 3 

 

Time complexity: 

Number of possible relaxation = 0(|E| |V| -1) 

0(|Vn| |En|) 

Therefore;     0(n2) 

 

Number of edges                                    =
𝑛(𝑛−2)

2
= 𝐸    Equation 4.3 

 

Complete graph    = 0(n3), n3 times  Equation 4.4 
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Updating Distance Values 

Taking into account the combination of the 

algorithms and the distance price, the  i
th

  will be the 

index of the current node.  The algorithm defined the 

array j of temporary-labeling nodes from the present 

node i through a reference (ij) modified the distance 

value of the nodes.  The range function dj of the node 

j is modified as follows for each jЄt: New dj = min 

{dj, di + dij} 

Where dij is the network issue price connection i j) 

Identify a j node with the smallest separation price dj 

among the nodes j Є J, find j* such that min dj = dj* 

Switch the node tag j * to permanent and make this 

node the new node. 

 

Termination  

The algorithm definition updated by CM-RP 

framework remains efficient if when all nodes 

reachable from node S (source node) are 

permanently marked then avoid signaling 

implementation.  If the temporary labeled node 

cannot be reached from the current node, then all the 

temporary labels becomes permanent, which signify 

completion. 

 

Presentation of Results 

The optimal flow path for the modeled graph G is 

given in the figure 4.3. The diagram G contains the 

two sets v and E, where V is the array of vertices v0, 

v1, ... vn-1, which are sometimes considered nodes, 

and E is the edge selection, e1, e2, … en, where two 

nodes are connected. Mathematically, this state may 

be; G= (V, E) 

 

V(G) = (v0, v1,……vn-1) or set Є of vertices 

E(G) = (e1, e2,……en) of set Є of edges 

 

Conclusion 

The study was motivated by the importance and 

necessity of efficient integration of data routing, 

coordination and easy dispatch within connecting 

terminals which is used in many real-world 

scenarios. The algorithm was evaluated and 

technically experimented, and it was noticed that 

implementing the shortest path with the CM-RP 

framework will efficiently address the issue exiting 

mechanism and also, the deployment of Comparison-

Additional Model (CAM) and Relaxation Principle 

(RP) in cooperating the multiple parameters like: 

permutation, combination and evaluation matrix will 

enhance its functionality across board.  

One of the main aims or goals of any airline, 

transport and data delivery company is to maximize 

profit, while saving travelers time. An efficient and 

scheduled air routing coupled with delivery system 

is the key to meeting the ever-increasing air 

transportation user’s demand especially in this rapid 

evolving globe.  Bearing in mind the vast 

technological advancement in the aviation sector and 

the tremendous demands and increment of air users, 

it is super important to automate air routing, hence 

choosing shortest path to destination where 

applicable. This will in turn reduce consumption of 

fuel and carbon emission thereby ensuring great 

improvement in travel time while leave traveler with 

the concert time summation for a round trip.  
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