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Abstract: In modern trend with the cutting edge technology the area of shortest path problem (SPP) is 

considered to propose a new algorithm called as Cheetah Chase Algorithm which is based on the swarm 

intelligence concept. The subject consigned in the current research is deserving of investigation because of the 

way that effective results might be helpful in such a large number of modern conditions, which are experienced 

optimized path problems. In light of the issue exhibited, various applications of the SPP are in vehicle routing in 

the transportation frameworks, traffic routing in the network communications and VLSI design path planning. 

The proposed approach is aiming to find better solution for the SPP between the start and end positions with 

dynamic allocation of nodes between the start and destination nodes. The properties of the present model 

empower us to sort out a meta-heuristic in accordance with Cheetah Chase Algorithm to illuminate the most 

limited way outline. The proposed Cheetah Chase Algorithm is developed by the process of Cheetah hunting 

and chasing of Cheetah to capture its prey with the parameters of high speed, velocity and greater accelerations. 
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1 INTRODUCTION 
 

A shortest path problem (SPP) involves a possible weighted directed graph, described by a set of edges and 

vertices. Given a start vertex, the main goal is to find the shortest existing path between the start vertex and any 

of the other vertices in the graph, while the total cost associated with the path could be minimized. This 

problem has a number of expansive applications. With this purpose, some important applications of the SPP 

include vehicle routing in the transportation systems [3], traffic routing in the communication networks also 

known as min-delay problem [4], path planning especially in the robotic systems and the VLSI design [5]. The 

SPP has been taken into real consideration as an interested issue. Up to now, so many researches are completely 

carried out in this area. Regarding optimization approaches, Zhang et al. propose immune optimization 

approach solving multi-objective chance-constrained programming. They present one bio inspired immune 

optimization approach for linear or nonlinear multi-objective chance-constrained programming. It should be 

noted that such approach executes in order to realize sample allocation, evolution and memory update within a 

run period [6]. Liang et al. present personalized modeling system for integrated feature, neighborhood and 

parameter optimization utilizing gravitational search algorithm. They introduces an impressive evolving 

personalized modeling method and system that integrates gravitational search inspired algorithm to select 

informative features, optimizing neighbors and model parameters [7]. 

 

One of the famous algorithms to solve this problem is presented through Bellman’s dynamic programming 

algorithm, which is used for directed networks, and also the Dijkstra labeling and Bellman–Ford successive 

approximation algorithms, which are realizing in networks with nonnegative cost coefficients. 
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 These algorithms are described completely in Lawler [8]. It should be noted that these classical algorithms have 

major imperfections; in one side, they are not adequate for networks, which are encounter negative weights of 

the edges. In one such case, consider a communication network and the link weights, which is demonstrating 

the transmission line fitness and negative weights, related to links to gain rather than loss. In other side, the 

algorithms search only for the shortest path, but they cannot find out any other short routes which are used in 

the kth SPP [9]. Other disadvantages of these approaches are to present high computational complexity of real-

time communications involving rapidly changing network topologies such as ad-hoc and wireless networks. Due 

to the present reasons, the researchers in the area of the paper’s topic are of the opinion that the whole of new 

techniques and the corresponding algorithms may be interesting to improve the results. 

 

Artificial neural networks are also proposed for solving the SPP. Because of its parallel architecture, it seems that 

the best and fast solution could be provided [10] although it has several limitations. First, these networks include 

hardware complexity, which increases dramatically with increasing number of nodes in the network; while the 

reliability of the solution decreases at the same time. Second, the artificial neural network does not contemplate 

sub optimal routes. The SPP is an optimal search, since the powerful evolutionary programming algorithms can 

play adorable role in investigation of optimal solutions. 

 

The genetic algorithm (GA), as one of the first evolutionary algorithms has shown favorable results [1]. The GA 

algorithm in comparison with the artificial neural networks shows the better performance as well as overcoming 

the limitations. It is obvious that there is always a big requirement for more efficient and optimal optimization 

algorithms for the SPP. Research shows that the successful use of GA and Tabu Search (TS) [11]. The success 

of the evolutionary programming approaches encourages use of the other evolutionary algorithms for this 

specified problem. The Cheetah chase algorithm (CCA) is one of the new algorithms, which can solve routing 

problems efficiently and easily. The CCA can be adopted in applications to problems for combinatorial 

optimization. It is inspired by the hunting behavior of cheetah in nature, which lets cheetah chase routing to find 

shortest paths between the start and destination position catching its prey destination. When cheetah is hunting 

for its prey, they start chase with highest speed, velocity and great acceleration. The rest of this manuscript is 

organized as follows. In section 2 overview of the Cheetah chase algorithm, section 3 gives experiments and 

discussion and section 4 conclusion. 

 

2 Cheetah Chase Algorithm (CCA) 
 

The Cheetah is a giant and energetic civet that was once found all through Asia, Africa and certain places of 

Europe. Cheetahs are one of Africa's most energetic predators and are most famous for their monstrous speed 

when in a chase. Equipped for achieving speeds of more than 60mph for minimum span of time, Cheetah is the 

speediest land vertebrate on the earth [12]. The Cheetah is one of a kind among Africa's civets principally on the 

grounds that they are most dynamic amid the day, which keeps away from rivalry for nourishment from other 

substantial predators like Lions and Hyenas that chase amid the cooler night. The Cheetah has outstanding 

visual perception thus chases utilizing sight by first stalking its prey from between 10 to 30 meters away, and 

after that pursuing it when the time is correct. The light and thin body of the cheetah influences it to appropriate 

to short, dangerous blasts of speed, hasty acceleration, and a capability to execute extraordinary alters in course 

while moving at speed. These behaviors represent unique features of the cheetah's capability to capture fast 

moving prey.  
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Cheetahs can start from 0 miles for per hour to 65 miles per hour in only 3.5 seconds. Cheetahs can achieve a 

best speed anyplace in the middle of 60 and 70 miles per hour, varies on the size of cheetah. But, the fascinating 

thing is that cheetahs can just run that quick for 20 to 30 seconds. Along these lines, they can't maintain that 

speed for long circumstances. What is the reason they can't run that quick for long? All things considered, in 

light of the fact that keeping up that speed for any more extended than 20-30 seconds could have an 

exceptionally negative impact on their organs, and the cheetah could experience the ill effects of extraordinary 

over-effort and over-warming.[13] 

 
Figure 1: Cheetah and its prey movement during Cheetah hunting process[14]. 

 

Schematic figure 1 to show how power use is expected to vary during the course of a predator-prey chase 

consisting of four straight-line trajectories interspaced with three turns (turns made by the prey are shown 

between arrows) by both parties.[14] 

 

The prey (dashed line) has lower energy expenditure than the predator during straight-line sections because it is 

travelling slower. However, because extra power is required for a turn [14], a predator that consistently cuts the 

corner spends less time cornering, expending less energy for the corner, and may maintain energy expenditure at 

levels similar to those of the prey despite travelling faster: Here both parties may reach limits to endurance 

performance at a similar time. However, a predator that consistently overshoots the corner spends longer 

turning, expending markedly more energy than the prey at all times, reaching endurance limits earlier[14]. 

 

Cheetah Chase Algorithm: 

Elliot et al., (1977) gave an applied model to prey securing by earthly carnivores depicting four noteworthy 

components; look, stalk, assault, and stifle. Of these, the assault is the most power-requesting ordinarily 

including complex fast moves, supported by obviously entangled behavioral alternatives for the both predators 

and prey[15].  

 

The speediest land vertebrate, the cheetah, can fasten from a standing start to 95 km/h in only three seconds, 

which compares to an acceleration of 8.8 m/s2. Cheetahs can just keep up their quickest pace (111 km/h) for 

roughly 400 m before their body overheats and their muscles start to tire and create lactic corrosive from fatigue. 

 

Cheetah chase algorithm is explained as shown in the table 1 as a form of pseudo code. Pseudo code consists of 

10 steps process where the main parameters taken as Cheetah’s speed, velocity and acceleration while chasing its 

prey. 
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Step 1: Initialization of the parameters like speed, velocity, acceleration, time and 

distance. 

Step 2: Initialize total time, tc and total distance travelled dc. 

Step 3: While (t < Tmax), // Multiple numbers of iterations based on number of 

Cheetah’s. 
Step 4: At start node measure the parameters like speed (sc), velocity (vc ) and 

acceleration (ac).  

// Start of the chase Cheetah can accelerate to top speed for first few seconds. 

Step 5: Move on to next node and update parameters. 

Step 6: If prey captured by Cheetah 

                  Step 6.1:  Estimate the total time, tc = tc1 + tc2.,  

   Where tc1 is time to get the cheetah to accelerate to top speed. 

           tc2 is that travel certain distance at top speed  

                Step 6.2: Estimate the total distance dc = dc1 + dc2   

                Where dc1 and dc2 are the distances went in times tc1 and tc2 respectively.  

                Step 6.3: Estimate distance the prey can go in time tc, dp = dp1 + dp2,  

               Step 6.4: Estimate the maximum distance travelled by prey dmax= dc – 

dp.   

       Else 

           Repeat step 4. 

Step 8: End while. 

Step 9: Select the best possible shortest path node details with other parameters Speed 

(sc), Velocity (vc ) and Acceleration (ac).. 

Step 10: Post-process and Visualization. 

Table I.  The pseudo code to solve the SPP through CCA 
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Node 2 
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Start Chase         

 

Cheetah Chase to its Prey 

Figure 2: Cheetah Chase to its Prey shown as nodes 
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Assumptions: 

Cheetah can chase and catch its prey through various route depends upon the prey travel. Consider each step of 

the cheetah as nodes and starting node is where cheetah starts its chase and ending node is cheetah catch its 

prey. 

 

Figure 3 illuminates the flowchart for the cheetah chase algorithm and step by step procedure to solve the 

shortest path problem. 

 
Figure 3. Flowchart to solve the SPP through Cheetah Chase Algorithm 
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3 Experiments and discussion 
 

This encoding is firstly introduced in Ahn and Ramakrishna (2002) and Munetomo et al. (1998). A variable 

length of a chromosome is equal to the number of nodes IDs from source node to the destination node. A 

typical 20-nods network that used in Ahn and Ramakrishna (2002) is shown in Fig. 4. As an example, a typical 

path from node 1 to node 20 is encoded as {1, 3, 8, 14, 20}. In the chromosome, each gene shows a node ID 

that is randomly chosen from the set of nodes that connected to the node accompanying to its locus number. 

For example, the path {1, 4, 10, 19, 20}, which is encoded from Fig. 4. This approach has a fundamental 

problem, i.e. it is randomly chosen in the connected nodes. This choice may correspond to invalid path.[1] 

 

 
Figure 4: A 20-node network [1] 

 

The proposed CCA approach with its application to the shortest path search are carried out on three different 

networks with random and varying topologies through computer simulations that using MATLAB 9 on an Intel 

Core i7 processor (4.2 GHz clock). Test results are also compared with ACO-based approaches that are 

mentioned in Ahn and Ramakrishna (2002) and the Dijkstra’s labelling algorithm. 

 

The CCA algorithm parameters are initialized as follows: 

 

Generally, each evolutionary algorithm (EA) shows the better performance with a large population size. By 

considering this fact, selecting very large population size will lead to greater computational cost in terms of 

fitness function evaluations. In this study, the effects of the different population size have been investigated. In 

general, the main idea behind these simulation experiments is to find the quality of solution and the convergence 

speed by considering the different graph topologies and node numbers. First of all, the quality of the solution 

(route optimality) is discussed. 

 

The route optimality factor shows the percentage of time that an algorithm finds a solution, which is the global 

optimum (i.e., the shortest path). The route failure ratio is the opposite of route optimality. It is the probability 

that the obtained route from an algorithm (solution) is not optimal, asymptotically. 

  

To obtain the results for various network topologies, networks with 20–100 nodes are randomly generated. It 

means that they have random topologies and random branch weights. A comparison between the quality of the 

solution of the ACO search and the CCA search in terms of route failure ratio is shown in Fig. 5.  
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It illustrates clearly that the quality of the investigated solution with the CCA is higher than that of the ACO 

based search. For example, in case that network has 60 nodes (population size is equal to the number of nodes), 

the route failure ratio for the ACO is about 0.0360 (97% route optimality) with a population size of 20, and 

0.02227 for the CCA (98.5 % route optimality). 

 

Number of 

Nodes 

Route failure ratio 

ACO CCA 

20 3.02E-02 1.55E-02 

30 3.22E-02 1.85E-02 

40 3.41E-02 2.09E-02 

50 3.53E-02 2.19E-02 

60 3.61E-02 2.23E-02 

70 3.71E-02 2.36E-02 

80 3.79E-02 2.39E-02 

90 3.81E-02 2.42E-02 

100 3.91E-02 2.48E-02 

 

Table II: Comparison of route failure between the ACO and the CCA algorithms with 20 – 100 nodes  

 

 
 

Figure 5: Comparison of route failure between the ACO and the CCA algorithms 

 

Figure 6 compares the average changeover CPU time that is consumed to achieve the results. Note that the 

population size in the ACO is fixed to 20. It is obvious that the average time required for ACO is less than those 

obtained with the CCA. For networks with higher number of nodes, the ACO algorithm has the better time 

performance with respect to the CCA. As is obvious for a network with node numbers more than 50, the CCA 

time dramatically increased. Investigating and looking deeply to sub-optimal solutions are as important as 

analyzing the optimal paths. This is quite useful in the real-time computer networking. 
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Number of 

Nodes 

Changeover CPU Time 

ACO CCA 

20 2.01E-02 2.09E-02 

30 2.29E-02 2.23E-02 

40 2.39E-02 2.42E-02 

50 2.55E-02 2.58E-02 

60 2.75E-02 3.02E-02 

70 2.91E-02 3.41E-02 

80 3.02E-02 3.61E-02 

90 3.22E-02 3.81E-02 

100 3.41E-02 4.19E-02 

 

Table 3. Comparison of Changeover CPU time utilization between the ACO and the CCA algorithms 

with 20 – 100 nodes 

 

 
 

Figure 6: Comparison of Changeover CPU time utilization between the ACO and the CCA algorithms 

 

4 CONCLUSIONS 
 

In this study, a new optimization algorithm that is called Cheetah Chase Algorithm (CCA) is introduced. CCA is 

constructed based on simulation of the solitary and cooperative behaviour of hunting and prey capturing with its 

great speed and acceleration parameters. In order to evaluate performance of the introduced algorithm, we have 

tested it on a set of various standard benchmark functions. The results obtained by CCA in most cases provide 

superior results in fast convergence and global optimal achievement and in all cases are comparable with other 

metaheuristic. The investigated results are presented in realizing the CCA for the purpose of solving the SPP. 

The performance of the approaches has been compared with those reported in two recent works using ACO 

based by carrying out the exhaustive simulation tests on the different random networks with varying number of 

nodes (from 20 to 100 nodes). The results are highly encouraging with respect to much superior performance, 

exhibited by the proposed CCA based search. Moreover, in addition to obtaining the SP, the proposed 

algorithm also successfully finds near-optimal paths, i.e., path with costs of 95 % (or 90 %) of the optimal path 

cost under good success rates. This feature is highly beneficial in the real-time computer networking.  
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