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Abstract 
 

In recent years, appreciable attention among analysts to take care of the extraordinary enhancement issues utilizing metaheuristic algo-

rithms in the domain area of Swarm Intelligence. Many metaheuristic algorithms have been developed by inspiring various nature phe-

nomena’s. Exploration and exploitation are distinctive capacities and confine each other, along these lines, customary calculations re-

quire numerous parameters and bunches of expenses to accomplish the adjust, and furthermore need to modify parameters for various 

enhancement issues. In this paper, another populace based algorithm, the Cheetah Chase Algorithm (CCA), is presented. Distinctive 

features of Cheetah and their characteristics has been the essential motivation for advancement of this optimization algorithm. Cheetah 

Chase Algorithm (CCA) has awesome capacities both in exploitation and exploration, is proposed to address these issues. To start with, 

CCA endeavours to locate the optimal solution in the assigned hunt territory. It at that point utilizes history data to pursue its prey. CCA 

can, hence, decide the situation of the worldwide ideal. CCA accomplishes solid exploitation and exploration with these highlights. Addi-

tionally, as indicated by various issues, CCA executes versatile parameter change. The self-examination and analysis of this exploration 

show that each CCA capacity can have different beneficial outcomes, while the execution correlation exhibits CCAs predominance over 

conventional metaheuristic algorithms. The proposed Cheetah Chase Algorithm is developed by the process of 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 

Swarm intelligence (SI) [1] is simply the aggregate conduct of 

decentralized, sorted out frameworks, common or counterfeit. SI 

frameworks are ordinarily comprised of a populace of basic agents 

connecting locally with each other and with their condition. The 

motivation regularly originates from nature, particularly biological 

frameworks. The specialists take after extremely straightforward 

guidelines, and in spite of the fact that there is no brought together 

control structure managing how singular operators should carry 

on, neighbourhood, and to a specific degree irregular, communica-

tions between such operators prompt the rise of "astute" world-

wide conduct, obscure to the individual agents. 

Exploration [2] is dedicated to looking for promising areas within 

the search space, while exploitation focuses on these promising 

areas and searches them thoroughly. The customary metaheuristic 

search process endeavours to accomplish a harmony amongst 

exploration and exploitation that is an imperative research centre 

in the field of metaheuristic algorithm. By striking a superior har-

mony amongst exploration and exploitation, the algorithm can 

accomplish a superior searching ability. However there are some 

problems in search methods attempting to balance these two forc-

es. It is not easy to adjust these two forces because they are con-

tradictory to each other. If the algorithm over-concentrates on 

exploration, convergence becomes difficult and hard to find global 

optimal. If the algorithm over-concentrates on exploitation, it will 

cause the problem of premature and can be trapped in local optima 

easily. These algorithms thus require many parameters to balance 

exploration and exploitation when dealing with different types of 

problems. Algorithms also still need to test all the parameter com-

binations in order to find the optimal solution. 

CCA differs from traditional search methods. CCA conducts ex-

ploration and exploitation separately, which means that it does not 

need to balance the two forces. CCA focuses on exploitation first, 

discovering the optimum in a local area as far as possible. Then, it 

uses territoriality to prevent other cheetahs or it entering those 

searched areas again. The mechanism of territoriality makes chee-

tah go to areas not previously searched, thus preventing extra 

evaluation, and reducing resource consumption. Finally, CCA 

uses the information of all territories to chase to different places 

(i.e. exploration). With the above schemes, CCA exploits promis-

ing areas and can explore territories without becoming trapped in a 

local optimum. CCA can, therefore, perform well in terms of both 

exploration and exploitation.  

The rest of the contents are well-organized as follows. Section 2 

describes the literature survey on metaheuristic optimization algo-

rithm and study of Bat algorithm and Lion optimization algorithm. 

Section 3 presents the new algorithm of Cheetah Chase Algorithm. 

Section 4 gives the experiment results. Section 5 promotes the 

conclusion. 

2. Survey on metaheuristic optimization algo-

rithm 

Metaheuristic advancement manages streamlining issues utilizing 

metaheuristic calculations. Optimization is basically all around, 

from building configuration to financial aspects and from occasion 

intending to Internet steering. As cash, assets and time are con-
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stantly restricted, the ideal utility of these accessible assets is sig-

nificantly critical.  

Most productive optimizations are exceedingly nonlinear and 

multimodal, under different complex limitations. Distinctive ob-

jectives are often conflicting. Notwithstanding for a solitary goal, 

now and again, ideal arrangements may not exist by any stretch of 

the imagination. By and large, finding an optimal solution or even 

sub-optimal solutions is not a simple task. This article aims to 

introduce the basics of metaheuristic optimization, and also some 

prevalent metaheuristic algorithms. 

In the most straightforward sense, an optimization can be consid-

ered as a minimization or maximization issue. For instance, the 

function f(n)=n2 has a base fmin=0 at n=0 in the entire space 

−∞<n<∞ . In general, if a function is sufficiently straightforward, 

we can utilize the principal subordinate f′(n)=0 to decide the po-

tential areas, and utilize the second subsidiary f′′(n) to check if the 

solution is a most extreme or least. Notwithstanding, for nonline-

ar, multimodal, multivariate functions, this isn't a simple assign-

ment. Also, a few functions may have discontinuities, and accord-

ingly subordinate data isn't anything but difficult to acquire. This 

may posture different difficulties to numerous customary strate-

gies, for example, slope climbing. [2] 

Optimization 

Overall, an optimization issue can be formulated as minimize  

 f1(n),...,fi(n),...,fI(n),n=(n1,...,nd) subject to aj(n)=0,(j=1,2,...,J) 

bk(n)≤0,(k=1,2,...,K), 

Where f1,...,fI are the objectives, while aj and bk are the equality 

and inequality constraints, respectively. In the case when I=1, it is 

called single-objective optimization. When I≥2, it becomes a mul-

ti-objective problem whose solution strategy is different from 

those for a single objective. 

Optimization algorithms can moreover be named deterministic or 

stochastic. If a calculation works in a mechanical deterministic 

manner with no discretionary nature, it is called deterministic. For 

such a algorithm, it will accomplish a comparative last arrange-

ment in case we start with a comparative early on point. Slant 

climbing and downhill simplex are awesome instances of deter-

ministic counts. Of course, if there is some inconsistency in the 

calculation, the calculation will regularly accomplish a substitute 

point each time the estimation is executed, regardless of the way 

that a comparative beginning stage is used. Genetic algorithms and 

PSO are great cases of stochastic algorithms.  

Obviously, estimations may not correctly fit into each class. It can 

be an indicated mixed make or mutt, which uses some blend of 

deterministic parts with mediation, or solidifies one calculation 

with another keeping in mind the end goal to design calculations 

that are more capable. 

Two significant portions of any metaheuristic algorithms are: di-

versification and intensification, or exploration and exploitation 

[7]. Expansion means to deliver grouped courses of action so as to 

examine the chase space on an overall scale, while escalation ex-

pects to focus the interest in an area region understanding that a 

present average plan is found around there. An OK agreement 

among misuse and investigation should be found in the midst of 

the decision of the best responses for improve the rate of calcula-

tion combining. The decision of the best ensures that game plans 

will meet to the perfect, while development through randomiza-

tion empowers the interest to escape from close-by optima and, 

meanwhile, grows the good assortment of courses of action. A 

respectable blend of these two imperative parts will typically en-

sure that overall optimality is achievable. 

2.1. Bat algorithm 

Bats are entrancing animals among the creature classification. [8]. 

Bats are the main mammalians with wings and they in like manner 

have induced capacity of echolocation. Microbats estimate differs 

from the smaller scale bumble bee bat (1.4g to 2.1g) to the animal 

bats with wingspan more than 1.8m and weight up to 1.5kg. These 

microbats have bring down a safe distance around 2cm to 10cm. 

Most bats uses echolocation to a specific degree; among every 

single one of the animal groupings, microbats are an unprecedent-

ed case as microbats use echolocation thoroughly while expansive 

bats don't. 

The greater part of microbats are apivorous. They utilize a sort of 

following framework called as echolocation, to recognize prey, 

keep away from hindrances, and find their perching split negli-

gent. These bats transmit a boisterous sound heartbeat and tune in 

for the resound that skips again from the encompassed objects. 

Their flag data transfer capacity contrasts depends upon the spe-

cies, and every now and again extended by using more music.  

While discovering for prey, the rate of heartbeat surge can be en-

livened to around 200 heartbeats for reliably when they fly close 

to their prey. These short stable effects infer the amazing furthest 

reaches of the flag preparing vitality of bats. Study exhibits the 

coordination time of the bat ear is commonly around 301 μs to 400 

μs. For the most part the speed of sound in air is 340 m/s and 

wavelength (λ) of the supersonic sound overspill with a steady 

recurrence f is given by λ = v/f, which is in the scope of 2.0 mm to 

14.0 mm and recurrence stretch out from 30 kHz to 160 kHz. 

Those wavelengths are in a perfect demand of their prey sizes.  

Obviously, a couple of bats have awesome visual observation, and 

most bats moreover have extraordinarily sensitive notice sense. 

When in doubt, they will use each one of the resources as a blend 

to enlarge the powerful looking of prey and fine course. We can 

make assorted bat-enlivened calculations by romanticizing the 

echolocation of characteristics of microbats. The following are the 

disentangled principles to use the algorithms.  

Lead 1: The wording "Echo-location" is utilized by the bats to 

ascertain the separation. They have the ability of knowing the 

distinction between feed and victim.  

Lead 2: Bats are flying erratically with the speed/speed vi and 

position xi and likewise calibrating the produced heartbeats and 

heartbeat rate outflow r ∈ [0, 1] for the recurrence of echolocation.  

Lead 3: Bats commotion or clamor could change from various 

perspectives, the presumption made that the din varies from a 

bigger positive esteem A0 to bring down esteem Amin.  

With the above standards are considered, the recurrence f in a 

range (fmin and fmax) relates to the wavelengths (λmin and λmax). 

Case, a recurrence scope of (30 kHz and 600 kHz) the extent of 

wavelengths (0.9 mm to 19 mm). 

 
Table. 1: Pseudo Code of the Bat Algorithm (BA) 

Step 1: Initialization of population of n bats ai (i = 1,2, ...,n) and vi 

Step 2: Frequency Initiation ( fri), Pulse Rate( pri) also Loudness(lni) 

Step 3: While (x lessthan maximum no. of iterations) 

New solutions are generated by frequency balance 
and setting up velocities and locations or solutions  

If (random >pri) 
Determine the best solution from the solutions 

Create a local solution nearing to the best solution selected 

End if 
Create a new solution by random flying 

If (random <lni& f(ai) < f (a∗)) 

Agree with the new solutions 

Increment pri and decrement lni 

End if 

Rate the bats and determine the current best a∗ 

End while 

Step 4: Result Processing and Visualization. 

2.2. Lion optimization algorithm (LOA) 

In this section, study of Lion Optimization Algorithm (LOA) is 

presented [9]. 

Inspiration 

Lions are the most socially slanted of all wild feline species which 

show large amounts of collaboration and enmity. Lions are specif-

ically compelling a result of their solid sexual dimorphism in both 

social conduct and appearance. The lion is a wild felid with two 

sorts of social association: inhabitants and migrants. Inhabitants 

live in gatherings, called pride. A pride of lions ordinarily incorpo-

rates around five females, their whelps of both genders, and at 

least one than one grown-up guys. Youthful guys are barred from 
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their introduction to the world pride when they turn out to be sex-

ually develop. As specify previously, the second hierarchical con-

duct is called migrants, who move about sporadically, either in 

sets or independently. Sets are more observed among related guys 

who have been avoided from their maternal pride. Notice that a 

lion may switch ways of life; inhabitants may progress toward 

becoming wanderers and the other way around. 

Initialization 

The LOA is a populace based meta-heuristic algorithm in which 

the initial step is to haphazardly create the populace over the ar-

rangement space. 

Hunting 

In each pride some female search for a prey in a gathering to give 

nourishment to their pride. These seekers have particular proce-

dures to surround the prey and catch it. By and large, lions took 

after around similar examples when chasing. 

Moving Toward Safe Place 

As specified in last subsection, in each pride a few females go 

chasing. Remained females go toward one of the zones of an area. 

Since domain of every pride comprise of individual best so far 

places of every part, and helps Lion Optimization Algorithm 

(LOA) to spare the best arrangements acquired so far finished the 

course of emphasis, it can be utilized as important and dependable 

data to enhance arrangements in LOA.  

Roaming 

Every male lion in a pride meanders in that pride's region because 

of a few reasons. To imitate this conduct of inhabitant guys, %R 

of pride an area are chosen haphazardly and are gone to by that 

lion. Along meandering, if occupant male visits another position 

which is superior to anything its present best position, refresh his 

best went by arrangement. This meandering is a solid neighbor-

hood hunt and helps Lion Optimization Algorithm (LOA) to seek 

around of an answer for enhance it. 

Mating 

Mating is a basic procedure that guarantees the lions ׳survival, and 

in addition giving a chance to data trade among individuals. In 

each pride, %Ma of female lions mate with one or a few inhabitant 

guys. These guys are chosen arbitrarily from an indistinguishable 

pride from the female to deliver posterity. For migrant lions its 

diverse in that a traveler female just mates with one of the guys 

which are chosen haphazardly. The mating administrator is a di-

rect blend of guardians for delivering two new posterity. 

Defense 

In a pride, male lions when develop, they end up forceful and 

battle different guys in their pride. Beaten guys forsake their pride 

and turn into a migrant. Then again, if a traveler male lion is suffi-

ciently solid to endeavor to assume control over a pride by battling 

its guys, the beaten occupant male lion is driven out of the pride 

and turning into a wanderer. 

Migration 

Enlivened by the lion switch life and transitory conduct in the 

nature when one lion makes a trip starting with one pride then 

onto the next or switch its way of life and inhabitant female pro-

gress toward becoming migrant and the other way around, it up-

grades the assorted variety of the objective pride by its situation in 

the past pride. Then again, the lion׳s movement and switch way of 

life manufactures the extension for data trade. 

3. 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. 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 Hye-

nas 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.[17], [18] 

The light and thin body of the cheetah influences it to appropriate 

to short, dangerous blasts of speed, hasty acceleration, and a capa-

bility to execute extraordinary alters in course while moving at 

speed. These behaviours represent unique features of the cheetah's 

capability to capture fast moving prey.  

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 chee-

tah. 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 sec-

onds could have an exceptionally negative impact on their organs, 

and the cheetah could experience the ill effects of extraordinary 

over-effort and over-warming. 

 

 
Fig. 1:Cheetah and Its Prey Movement during Cheetah Hunting Process. 

 

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 (Williams et al., 2014), ordinarily including complex 

fast moves, supported by obviously entangled behavioural alterna-

tives for the both predators and prey.  

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 quick-

est pace (111 km/h) for roughly, 400 m before their body over-

heats and their muscles start to tire and create lactic corrosive 

from fatigue. 

 
Table 2: The Pseudo Code of the Cheetah Chase Algorithm 

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 num-
ber 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 sec-

onds. 

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 respective-
ly.  

 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 pa-
rameters Speed (sc), Velocity (vc ) and Acceleration (ac).. 

Step 10: Post-process and Visualization. 
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Fig. 2: Flowchart of Cheetah Chase Algorithm. 

4. Experimental results 

In this section, CCAs performance is compared with Bat and Lion 

algorithms with different functions. CCA uses one Cheetah in the 

following experiments. The benchmark functions of CCA are 

shown in Table 4.1, which breaks the traditional meta-heuristic 

framework. The adaptive initial step is produced by domain range. 

In traditional algorithms, the terminal condition is the maximum 

number of generations. However, the most important criterion 

should be the number of evaluations. In one generation, the algo-

rithms are able to implement a huge number of populations and 

local searches. However, it seems unfair to simply compare CCA 

with other algorithms with different populations and generations. 

The evaluation times of traditional algorithms are estimated by the 

number of populations and generations. The reasonable compari-

son between algorithms would be to examine the number of eval-

uations required for an algorithm to find a better solution.  

Evaluation of Cheetah Chase Algorithm on its performance, an 

extensive set of 20 benchmark functions from the evaluation crite-

ria of the CEC 2014 competition on Single Objective Real-

Parameter Numerical Optimization are selected [11]. 

 

 

 

 

 

 

 

 

 

 

 

 

 
Table 3: Benchmark Functions 

Type ID Functions Population 

Unimodal (3) tf1 Rotated high conditioned elliptic function 100 

 tf2 Rotated bent cigar function 200 

 tf3 Rotated discus function 300 
Multimodal (7) tf4 Shifted and rotated Rosenbrock function 400 

 tf5 Shifted and rotated Ackley's function 500 

 tf6 Shifted and rotated Weierstrass function 600 
 tf7 Shifted and rotated Griewank's function 700 

 tf8 Shifted Rastrigin function 800 

 tf9 Shifted and rotated Rastrigin's function 900 
 tf10 Shifted Schwefel function 1000 
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Hybrid (5) tf11 Hybrid function1 (tf10, tf8, tf 1) 1100 

 tf12 Hybrid function2 (tf 9,tf7, tf 2) 1200 

 tf13 Hybrid function3 (tf8, tf6,tf3) 1300 

 tf14 Hybrid function4 (tf7, tf5, tf4) 1400 

 tf15 Hybrid function5 (tf10, tf5, tf1) 1500 
Composition (5) tf16 Composition function1 (tf15, tf10, tf5, tf3) 1600 

 tf17 Composition function2 (tf14, tf12, tf6, tf2, tf1) 1700 

 tf18 Composition function3 (tf12, tf8, tf4, tf2) 1800 
 tf19 Composition function4 (tf13, tf9, tf7, tf5, tf3) 1900 

 tf20 Composition function5 (tf12, tf10, tf8, tf6, tf4) 2000 

 
Table 4: Comparative Results on Unimodal Benchmark Function 

Test Functions Fitness Value of an Algorithm BAT Algorithm Lion Opti Algorithm Cheetah Chase Algorithm 

tf1 Maximum 5.51E+06 3.90E+05 2.80E+04 
 Minimum 1.18E+06 2.43E+04 2.33E+03 

 Median 3.10E+06 1.45E+05 1.15E+04 

 STD 1.05E+06 1.32E+05 1.12E+04 
tf2 Maximum 6.35E+05 1.85E+03 1.55E+02 

 Minimum 1.13E+05 2.00E+02 1.10E+02 

 Median 2.49E+05 6.83E+02 4.13E+02 
 STD 7.55E+05 4.96E+02 2.26E+02 

tf3 Maximum 1.11E+04 1.30E+03 1.30E+02 

 Minimum 3.44E+04 3.00E+02 1.50E+02 
 Median 7.19E+04 5.29E+02 3.29E+02 

 STD 1.75E+04 3.20E+02 1.20E+02 

 

 
Fig. 3: Comparison Graph on Unimodal Benchmark Functions. 

 
Table 5: Comparative Results on Multimodal Benchmark Functions 

Test  

Functions 

Fitness Value of an Algo-

rithm 
BAT Algorithm Lion Optimization Algorithm Cheetah Chase Algorithm 

tf4 Maximum 1.26E+04 5.45E+02 4.42E+02 
 Minimum 2.01E+03 4.00E+02 3.00E+02 

 Median 3.05E+03 4.26E+02 4.02E+02 

 STD 1.97E+03 4.81E+01 3.64E+01 
tf5 Maximum 5.21E+02 5.10E+02 4.20E+02 

 Minimum 5.21E+02 5.00E+02 4.20E+02 

 Median 5.21E+02 5.03E+02 4.20E+02 
 STD 4.81E+02 3.73E+00 2.98E+00 

tf6 Maximum 6.39E+02 6.05E+02 5.13E+02 

 Minimum 6.32E+02 6.00E+02 5.01E+02 
 Median 6.37E+02 6.01E+02 5.06E+02 

 STD 2.56E+00 2.17E+00 1.62E+00 

tf7 Maximum 9.63E+03 7.00E+02 6.00E+02 
 Minimum 8.19E+03 7.00E+02 6.10E+02 

 Median 9.12E+03 7.00E+02 6.30E+02 

 STD 8.23E+02 7.55E+02 6.26E+01 
tf8 Maximum 9.12E+03 8.11E+02 7.15E+02 

 Minimum 9.76E+02 8.00E+02 7.10E+02 

 Median 1.07E+03 8.02E+02 7.00E+02 
 STD 2.56E+01 3.81E+00 2.34E+00 

tf9 Maximum 1.34E+03 9.10E+02 8.84E+02 

 Minimum 1.15E+03 9.00E+02 8.35E+02 
 Median 1.25E+03 9.03E+02 8.61E+02 

 STD 4.41E+01 3.78E+01 1.11E+01 

tf10 Maximum 7.45E+03 1.00E+03 2.71E+02 
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Fig 4:Comparison Graph on Multimodal Benchmark Functions. 

 
Table 6: Comparative Results on Hybrid Benchmark Functions 

Test  

Functions 
Fitness Value of an Algorithm BAT Algorithm Lion Optimization Algorithm Cheetah Chase Algorithm 

tf11 Maximum 9.90E+06 1.80E+03 1.10E+02 

 Minimum 1.45E+06 1.70E+03 1.43E+02 
 Median 4.24E+06 1.73E+03 1.51E+02 

 STD 1.79E+06 3.10E+01 1.61E+01 
tf12 Maximum 3.64E+08 1.85E+03 1.09E+02 

 Minimum 1.33E+07 1.80E+03 2.02E+02 

 Median 8.54E+07 1.82E+03 2.73E+02 
 STD 1.00E+08 1.63E+01 1.25E+01 

tf13 Maximum 2.06E+06 1.92E+03 2.04E+02 

 Minimum 1.95E+03 1.90E+03 1.91E+02 
 Median 2.01E+03 1.90E+03 1.92E+02 

 
STD 

 
2.03E+01 7.12E+00 3.31E+00 

tf14 Maximum 4.44E+04 2.00E+03 6.03E+02 

 Minimum 5.40E+03 2.00E+03 2.22E+02 

 Median 1.63E+04 2.00E+03 3.68E+02 
 STD 1.03E+04 4.62E+01 3.49E+01 

tf15 Maximum 3.34E+06 2.11E+03 1.66E+02 

 Minimum 1.43E+05 2.10E+03 1.07E+02 
 Median 9.17E+05 2.10E+03 4.70E+02 

 STD 7.51E+05 2.06E+00 1.24E+00 
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Fig. 5: Comparison Graph on Hybrid Benchmark Functions. 

 
Table 7: Comparative Results on Composition Benchmark Functions 

Test Func-
tions 

Fitness Value of an Algorithm BAT Algorithm Lion Optimization Algorithm Cheetah Chase Algorithm 

tf16 Maximum 2.88E+03 2.74E+03 2.62E+02 

 Minimum 2.51E+03 2.47E+03 2.62E+02 
 Median 2.51E+03 2.55E+03 2.62E+02 

 STD 1.28E+02 8.93E+01 8.45E+01 

tf17 Maximum 2.60E+03 2.67E+03 2.71E+02 
 Minimum 2.60E+03 2.60E+03 2.63E+02 

 Median 2.60E+03 2.62E+03 2.66E+02 

 STD 1.20E+02 2.33E+01 1.25E+00 
tf18 Maximum 2.76E+03 2.71E+03 2.75E+02 

 Minimum 2.70E+03 2.52E+03 2.71E+02 

 Median 2.70E+03 2.56E+03 2.72E+02 
 STD 1.50E+01 6.93E+01 6.27E+00 

tf19 Maximum 2.70E+03 2.61E+03 2.80E+02 

 Minimum 2.70E+03 2.60E+03 2.70E+02 
 Median 2.70E+03 2.61E+03 2.80E+02 

 STD 5.37E+01 3.06E+00 2.53E+00 

tf20 Maximum 3.53E+03 2.72E+03 6.47E+02 
 Minimum 3.21E+03 2.70E+03 3.57E+02 

 Median 3.31E+03 2.71E+03 4.84E+02 

 STD 6.46E+01 5.79E+00 4.83E+00 

 

 
Fig. 6:Comparison Graph on Composition Benchmark Functions. 

 

These capacities are given in Table 3 Points of interest meanings 

of the capacities can be found in CEC 2014 rivalry on Single Ob-

jective Real-Parameter Numerical Optimization [11]. The pro-

posed CCA algorithm is contrasted and two mainstream metaheu-

ristic algorithms Bat Algorithm, Lion Optimization Algorithm. 

Execution lists are accounted for in these tables: "max" and "min" 

individually indicate the most extreme and least wellness estima-

tions of the calculation, "Median" means the middle of the out-

come wellness esteems, "std" signifies standard deviation. 

As indicated by Table 4, CCA gives much preferable outcomes 

over all calculations on tf1 in all criteria. CCA gets the best least 

an incentive on tf2, and gets the second best an incentive for the 

other criteria in this capacity. Additionally, CCA gives the best 

most extreme and least esteems on tf3. To entirety up, CCA is fit 

for taking care of these sorts of issues successfully. Fig. 3 demon-

strates the pictorial portrayal of the near outcomes unimodal 

benchmark capacities.  

On the second multimodal gathering of [7] functions, because of a 

substantial number of neighbourhood optima, discovering great 

arrangements and escape from nearby optima is hard. Fig. 4 

demonstrates the pictorial portrayal of the near outcomes multi-

modal benchmark capacities. Be that as it may, as indicated by 

Table 5, CCA displays critical execution, and gives much prefera-

ble outcomes over all algorithms on these functions.  

On the third hybrid gathering of five functions, the factors are 

arbitrarily separated into some subcomponents and afterward ex-

traordinary fundamental functions are utilized for various sub 

parts which cause noteworthy execution decrease of algorithms. 

Fig. 5 demonstrates the pictorial portrayal of the near outcomes 

half and half benchmark capacities. As it can be found in Table 6, 

the general execution of CCA is fundamentally not the same as 

different calculations on these kinds of capacities, and nearly on 

all capacities its outcomes are particularly superior to alternate 

calculations. 

On the fourth composition group of five functions table 7, CCA 

positions first on the greater part of the capacities. Fig. 6 demon-

strates the pictorial portrayal of the relative outcomes creation 

benchmark capacities. In synopsis, the general execution of CCA 

is the best among the other five near calculations on the seat stamp 

suite, including unimodal, multimodal, half and half, and organi-

zation functions.  

These results come about show CCAs predominant execution. 

Amid chasing, CCA utilizes fewer assessments to locate the ideal 

arrangement than do different calculations in unimodal capacities. 

With territoriality and pursuing, CCA utilizes a viable method to 
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locate the ideal arrangement in multimodal capacities. With learn-

ing, CCA can move in different measurements in the meantime. 

CCA accomplishes great execution in capacities with dimension-

ality (reliance). Contrasted and different calculations, it demon-

strates that learning can be enhanced in assessments. Subsequent-

ly, CCA can locate the ideal arrangement speedier and with less 

required assets contrasted with algorithms. 

5. Conclusion and future work 

Over past decades, different metaheuristic advancement calcula-

tions have been created. Huge numbers of these algorithms are 

roused by characteristic marvels. In this investigation, another 

enhancement algorithm that is called Cheetah Chase Algorithm 

(CCA) is presented. CCA is built in light of recreation of the sin-

gle and helpful conduct of chasing and prey catching with its ex-

traordinary speed and acceleration parameters. So as to assess 

execution of the presented algorithm, we have tried it on an ar-

rangement of different standard benchmark functions. The results 

acquired by CCA by and large give predominant outcomes in 

quick joining and worldwide ideal accomplishment and in all cas-

es are practically identical with other metaheuristic.  

Cheetah Chase Algorithm will be applied various scenarios where 

initial speed and acceleration are to be enhanced. CCA can be 

applied to improve in finding solution to shortest path problems, 

micro electro mechanical devices and analysis of speed and accel-

eration characteristics of vehicles in the areas of Automobiles.  
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