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Recent day communication development Mobile Adhoc Network (MANET) become a great 

part for creating new infrastructure containing autonomous mobile node links.  The MANET’s 

property of dynamic topology may degrade the network’s performance. Nevertheless, for the 

network lifespan’s enhancement, the multipath selection is quite an arduous task. This work 

has given the proposal for a multipath routing scheme termed the Ad hoc On-demand Multipath 

Distance Vector Routing (AOMDV) Protocol through a combination of the hybrid Grey Wolf 

Optimizer (GWO) with the Differential Evolution (DE) as well as the Fire Fly (FF) algorithm. Both 

the GWO-DE as well as the GWO-FF are powerful metaheuristic approaches for identifying an 

effective solution to the conflict MANET routing problem. The proposed approach is able to 

increase the scalability by minimizing the routing overload when the latest route is established 

and also to enhance the quality-aware best path routing protocol. It is evident from the results 

of the comparison studies that the proposed GWO-FF algorithm has the ability to surpass the 

performance of other algorithms and also is feasible for adaptation of the problem of routing 

optimization. 

Keywords: MANET, Route Optimization, Grey Wolf Algorithm, Multipath Communication, 

Firefly Algorithm, Energy Ware Routing, Distance Routing Protocol. 

1 Introduction 
 

Ad hoc networks are networks with traits such as dynamic reconfiguration, quick deployment 

as well as self-organization, and also are free of any fixed infrastructure. The creation of a Mobile 

communication in MANET forms mobile wireless node group communicates amongst 

themselves via wireless links in a distributed manner with the lack of any centralized 

infrastructure or administration. Since these nodes are mobile, they are able to instantaneously 

as well as dynamically create a network as and when required. All the mobile nodes are able to 

act as a router as well as the host for the data’s forwarding. The mobile nodes will directly 

communicate via wireless links when they are within their range of radio transmission. 

Otherwise, these nodes will reach each other by utilizing routers through multi
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hop [1]. However, these MANET nodes suffer from constraints on their resources of 

communication such as battery power, buffer space, bandwidth and so on. 

In MANETs, a mobile node’s constrained battery capacity has an impact on the network 

survivability due to disconnection of the links upon the battery’s exhaustion. Thus, a routing 

protocol that gives due consideration to the energy balancing the network which considers the 

continual connection without the broken links. Over the past years, a lot of effort has gone into 

devising various routing protocols that are able to increase a route’s lifespan and hence, extend 

the network’s lifespan. Multipath routing protocols, one among these developments, will 

facilitate the source node to pick the best route out of multiple routes at the time of a solitary path 

detection process. With this procedure in multipath routing, there is the reduction of the number 

of route discovery procedures due to the ready availability of backup routes, and in the event of 

a single route’s failure, there is the reduction of end-to- end delay, usage of energy and also 

longevity of the network [2]. 

Being the most renowned multipath on-demand routing mechanism, the AOMDV is an 

advancement of the generic mobile network. The source to destination the information are 

acknowledged from distance routing protocol using AODV and AOMDV by identifying the 

optimal connection in which all the routes are link-disjoint as well as loop-free. Unlike the 

AODV, the AOMDV protocol is able to avoid the need for route phase discovery in case of any 

link failures. The AOMDV primarily utilizes the hop count metric for the determination of 

optimized routes [3]. 

Out of all the heuristic algorithms, the exhaustive search algorithm is a standard method that is 

composed of systematic enumeration of all potential candidates to find a global solution for Non-

deterministic Polynomial (NP)-hard problems, and also to find solutions for the problem of 

routing optimization. Nevertheless, this algorithm will need a huge amount of computational 

time so as to find the optimal solution. Rather than detecting a global solution, metaheuristic 

optimization methods chiefly focus on identifying high-quality solutions within a feasible 

amount of computational time for the avoidance of numerical difficulties as well as for reduction 

of the computational burden [4]. In spite of the meta-heuristic algorithms being unable to ensure 

the accomplishment of the optimum solution, these algorithms are still able to accomplish an 

acceptable solution within a feasible amount of time. 

This work has proposals of the hybrid GWO-DE as well as the GWO-FF algorithm for routing-

based MANET. The second section contains the various techniques about the literature. Section 

Three describes this work’s diverse employed methods. While Section Four elaborates on the 

simulated outcomes, Section Five gives the work’s conclusions. 

2 RELATED WORKS 
 

Mariadas & Madhanmohan [5] have focused on the lifetime energy-based clustering algorithm, 

which employed the value of fitness combined with the hybrid Particle Swarm Optimization 

(PSO) as well as the differential algorithm for assessment. The focus of this algorithm would be 
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on the cluster head’s election as well as on the energy which is associated with the cluster head 

nodes’ election during the hybrid PSO-DE for the clustering algorithm. 

Certain experimental results of the proposed algorithm were able to demonstrate its effectivity 

with regards to network lifetime, average lifetime, number of average clusters formation, the 

average number of re-clustering needed with the energy usage, as well as the other parameters 

like the Packet Delivery Ratio (PDR). 

Khang et al., [6] had combined the Ant Colony Optimization (ACO) algorithm as well as the 

PSO algorithm in order to offer optimum routing and also to boost the Quality of Service (QoS) 

resource utilization efficiency. The IEEE 802.11 DCF standard as well as the MANET’s 

Multiple-Input-Multiple-Output (MIMO) were used for this proposed hybrid ACO-PSO 

algorithm’s application into the integrated wireless MANET Passive Optical Network (PON), 

which was based on the Software- Defined Network (SDN) with cloud computing. Utilization 

of the IEEE 802.11 Wireless Local Area Network (WLAN) had enabled users to experience the 

wireless environment as well as the complete functionality of the concept of "anything, anytime, 

anywhere". Its metrics were inclusive of every nodes’ routing, load balance, bandwidth, 

throughput, as well as control overhead enhancement with mitigation. 

Abdali et al., [7] had put forward an Energy-Aware Location-Aided Routing (EALAR) as the 

latest effective reactive MANET routing protocol. This proposed protocol was attained through 

the PSO’s integration with the operation of mutation onto the traditional LAR protocol. 

Nevertheless, the operation of mutation (non-uniform) utilized in the EALAR did have certain 

shortcomings that made the EALAR suffer from inadequate exploration, exploitation as well as 

solution diversity. Hence, this work’s goal was to propose the application of the Optimized PSO 

(OPSO) via the adoption of an operation of mutation (uniform) rather than a non-uniform one. 

Integration of the OPSO onto the LAR protocol could boost every metric of critical performance, 

such as end-to-end delay, energy usage, overhead, and PDR. 

Ghaleb & Vasanthi [8] had proposed Multi-objective Grey Wolf Optimization (MGWO) based 

Dynamic Source Routing (DSR) protocol that employed the following objective parameters: link 

quality, lifetime, delay, and energy. Firstly, the DSR strategy-based route discovery was carried 

out. Then, the objective parameters were assessed and used by the MGWO to model an objective 

or fitness function. For every available path, there was an evaluation of the values of fitness. 

Later on, these values were sorted in the best order in accordance with the grey wolves’ hierarchy 

of the MGWO. In the end, transfer of the multipath data was carried out over the paths having 

high fitness (which were indicated as alpha, beta as well as delta) whilst the subsequent best 

omega paths would get employed whenever the dominant paths’ energy depleted below that of 

the omega paths. Thus, the MGWO-DSR protocol had the ability to effectively minimize the 

problem of energy depletion as well as assure reliable multi-path data transmission in the 

MANET. Sarhan & Sarhan [9] had devised an energy-efficient routing protocol that was reliant 

on the renowned AOMDV routing protocol as well as a bio-inspired algorithm known as the 

Elephant Herding Optimization (EHO). This proposed EHO-AOMDV would optimize the total 

utilized nodal energy through classification of the nodes into two distinct classes whilst 
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discovering paths from the class of the fittest nodes having adequate energy for transmission so 

as to mitigate the path failure probability as well as the increase in the number of dead nodes due 

to higher loads on the data. The EHO’s updating operator would update the classes on the basis 

of the separating operator, which would assess the nodes on the basis of the residual energy after 

each round of transmission. 

Kaliyamurthi & Palanisamy [10] had introduced a hybrid evolutionary algorithm with 

Geographical Routing Protocol (GRP) for the void’s avoidance that would pick the shortest 

routing path from the source to the destination through a combination of the FF algorithm as 

well as the Galactic Swarm Optimization (FFGSO). The merits of the FF algorithm, as well as 

the galactic swarm mechanism, would be exploited by this proposed algorithm. This work had 

the implementation of the cross-layer design approach, which was composed of the data link as 

well as the network layer. This hybrid FFGSO-GRP algorithm was able to enhance the process 

of routing within these layers 

3 METHODOLOGY 
 

The proposed methods defines to promote the AOMDV protocol with optimization of GWO, 

DE, FF, GWO-DE and GWO-FF to improve the routing performance 

3.1 Adhoc On demand Multipath Distance Vector (AOMDV) Routing Protocol 
 

The AOMDV protocol’s key will be to assure that the discovery of multiple paths is disjoint as 

well as loop-free. A flood-based mechanism will maintain the route discovery. In order to retain 

loop freedom as well as disjointedness, each node will get deployed with the AOMDV route 

update rules. Below are the attributes maintained by the AOMDV protocol [11]: 

 To use the advertised hop count to maintain many loop-free paths. 

 To maintain a path that is either node-disjoint or link-disjoint. 

 To process all the Route Request (RREQ) packets so as to maintain many number paths. 

 To pick a routing path through consideration of the maximum sequence number in order 

to maintain a fresh route. 

 In the event that there is a similar sequence number, take into account the minimum 

hop count. 

Since the AOMDV will employ the readily available routing information of the basic AODV 

protocol, it is able to minimize the resultant overheads during the multiple path discovery. 

3.2 Grey Wolf Optimizer (GWO) Algorithm 
 

Mirjalili et al. had developed a population-based metaheuristic algorithm known as the GWO in 

2014, which could mimic the grey wolves’ hunting methodology as well as leadership structure. 

Below are the analytical solution, to rocess [12]. 

Social hierarchy: For the GWO, the alpha α will be treated as its first fittest solution, the beta β 

will be treated as its second fittest solution, while the delta δ will be treated as its third fittest 

solution. Meanwhile, the omega ω will be accounted for as the remaining solutions. For this 
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algorithm, α, β, as well as δ, will direct the hunting while the ω solutions will simply trail these 

three wolves. 

Encircling the prey: At the time of the hunt, the prey will get surrounded by the grey wolves. 

Equation (1) and equation (2) are used to mathematically express this encircling behavior. 
 

D | C.X p (t)  A.X (t) | 

 

X (t 1)  X p (t)  A.D 

(1) 

 
(2) 

 

In these equations, t will indicate the present iteration, Xp will indicate the position vector of the 

prey, X will indicate the position vector of a grey wolf, while A and C will indicate the coefficient 

vectors. 

Computation of A and C vectors will be done using the below equation (3) and equation 

(4):  
A  2a.r1.a 

C  2.r2 

 
 

(3) 

 
(4) 

In these equations, a’s components will get linearly reduction from 2 to 0 ended the 

Iteration’s course while r1, as well as r2, will indicate random vectors within the [0, 1] range. 
 

Hunting: In general, the alpha α will direct the hunting operation with occasional participation 

from beta β as well as delta δ. For the mathematical model of the grey wolves’ hunting behavior, 

the assumption will be that the α, β as well, as δ has a much better understanding of the prey’s 

possible locations. Below equations (5 to 7) will express how the initial three best solutions will 

get retained while the remaining agents are then obliged to carry out their position updates in 

based on the search agents be targeted, 

D | C1.X  X |, 

D | C2 .X   X |, (5) 

D | C3.X  X | . 
 

X1  X  A1.(D ), X 2  X   

A2 .(D ), X 3  X  A3.(D ). 

X (t 1)  
X1  X 2  X 3

 

3 

 

(6) 

 

 
 

(7)
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The grey wolf’s behavior of approaching the prey can be expressed as a mathematical model by 

decreasing the a (t) value in a. Equation (8) will offer the formulation of a (t) as below: 

a(t)  2  2t / Max _ iter (8) 
 

In this equation, t will indicate an integer which is between 0 and Max iter, and this integer can 

be increased by one each time over the iteration’s course; Max iter will indicate the maximum 

number of the iteration. Hence, a (t) will experience a linear decrease from 2 to 0 over the 

iteration’s course. 

Attacks on the prey (exploitation): Occurrence of the hunt’s termination is only when the grey 

wolves have attacked the prey when it has halted its motion. The vector A will indicate a random 

value within the [−2a, 2a] interval, in which a will get reduced 2 to 0 finished the iteration’s 

course. If the |A| < 1, the grey wolves will attain they in turn will indicate the procedure of 

exploitation. 

The prey’s search (exploration): In GWO, the procedure of exploration will get applied in 

accordance with the α, β as well as δ positions which will diverge from one another so as to 

search for the prey, and also will converge with each other so as to attack the prey. 

Mathematically, this process of exploration can be modeled by employing A with random values 

which are either lesser than −1 or greater than 1so as to force the search agent’s divergence from 

the prey if the |A| > 1, these grey wolves will be obliged to diverge from the prey in order to 

identify a prey that is more feasible[13]. 

3.3 Differential Evolution (DE) Algorithm 
 

With an introduction in 1995 by Price and Storn, the DE’s outstanding performance for the 

resolution of complex problems addressed deponding on the node distance and its difference 

evaluation, the DE will engage in a random exploration of the solution space and also will employ 

mechanisms like “selection”, “recombination”, and “mutation” for assessing all individuals in 

order to acquire the most feasible individual. Since the DE employed information between the 

individual differences for leading the search, it would often have a more unstable search result 

[14]. 

Akin to the Genetic Algorithm (GA), discussion about the DE’s key procedure is provided as 

below:Initialization: Set the parameters as well as initialize the Target Vector in equation (9). 
 

X j ,i,0  rand j (0,1)*(bj ,U   bj ,L )  bj ,L 
 

(9) 

 

Mutation: An oft-used strategy of the DE is to use the mutation vector’s formulation in order 

to produce modifications. DE/x/y will represent the strategy symbol, in which x will denote the 

variance vector’s type while y will denote the variance vector’s number (10). 

In DE/rand/1 
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V
i,G 1 

 X
r1,G  

 F ( X
r 2,G  

 X
r 3,G 

) 
 

(10) 

 

For the search space’s extension, three randomly chosen vectors: 
X

r1,G , 
X

r 2,G , and 

X
r 3,G will utilize the equation (10) so as to acquire the Donor Vector as 

V
i,G 1

 

(11). 

in the equation 

 

In DE/best/1 
 

V
i,G 1 

 X
best ,G 

 F ( X
r 2,G  

 X
r  3,G 

) 

 
With the basis of DE/rand/1, the current particle 

 

 

 

X
best ,G 

 

 

(11) 

 
is used by this strategy for the 

replacement of 
X

r1,G . 

 

Recombination: There is an alteration of the information with the target vector in a random 

manner by the donor vector. After the recombination, there will be the generation of a 

novel “trial vector” referred to as 
u

i,G 1 . The below equation (12) is utilized to determine in 

which iteration j will the component i get composed from either the donor vector vi or the target 

vector. 
 

 
uj,i,G1  

Vj,i,G1 if rand  CR
x if rand  CR 

 j,i,G  (12) 

 

Selection: Upon completion of the aforementioned mechanism, there will be a comparison of 

the vector between trail and target so as to pick which vector can get reserved into the subsequent 

generation. This is expressed as the below equation (13): 
 

 
Xi,G1  

ui,G1 if F (ui,G1 )  F ( Xi,G ) 
X otherwise 

 i,G  (13) 

 

3.4 FireFly (FF) Algorithm 
 

Developed in 2008 by Yang, the FF algorithm’s inspiration comes from the behavior as well as 

flashing patterns of fireflies [15]. This algorithm will identify two key equations. The first one 

will indicate every FF’s attractiveness or each FF’s light intensity, and the below equation (14) 
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0 

will express it as follows: 
 

   e r
2

 (14) 

 

Here, 0 and  it will indicate two limits that can be enhanced in accordance 

with the problematic, while r will indicate the expanse between two distinct fireflies. Eventually, 

equation (15) will evaluate a FF’s movement as shown below: 
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ij 

j 

i 

i 

p p p p 

p 

p 

xt1  xt   e r
2  

(xt  xt )   t 
(15) 

i i 0 j i t i 

 

Here, xt1 will indicate the FF’s new position, xt will indicate the FF’s current position, 

i i 

in which they will add the attractiveness which is present between the other best solution ( xt ) 

as well as the existing solution ( xt ), and ultimately, they will add the randomness parameter 

which is at being the parameter of randomization. t Will indicate a random number vector 

which is acquired from either a Gaussian distribution or a uniform distribution at the time t. 
 

3.5 Proposed Hybrid GWO-DE Algorithm 
 

This section will cover in detail the hybridizing GWO with the DE (that is, the GWO- DE). 

There is the adoption of three groups having a similar size of the population [16]. The 

algorithm’s initial step will use equation (16) to randomly generate the three populations in a 

feasible region. Let POP represent the below-defined population: 
 

POP {X 1, X 2,...., X k ,..., X psize} (16) 

 

In this equation, psize will indicate the population size; k will indicate the individuals’ 

serial number, and k  1, 2, 3,...., psize . Expressions for every individual are given as per the 

below equation (17) and equation (18): 
 
X k  (X k , X k ,...., X k , ................. , X k ) 

 

 
(17) 

1 2 p d 

 

Here, p  1, 2, 3, .................. , d while k  1, 2, 3, ..... , psize . 

 

X k  X k (low)  (X k (up)  X k (low)) rand(0,1) (18) 

 

Here, X k (low) will indicate the kth individual’s lower bound of the pth component, 

X k (up) will indicate the kth individual’s upper bound of the pth component, p  1, 2, 3, ....... , d , 

k  1, 2, 3, ...... , psize , and rand (0, 1) will indicate a random number within the [0, 1] range. 

 
The following step will sort the in non-decreasing order and also identify Alpha, Beta and Delta 

- the grey wolf parent population’s first, second as well as third individuals. 

During the iteration’s course, it will use equation (7) for updating the positions of all individuals 
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in the grey wolf parent population. Later, it will use equation (9) to equation (12) in order to 

obtain a mutant population as well as a child population. Afterward, it will use equation (13) to 

update the parent population. This is followed by the use of equation (2), equation (4) as well as 

equation (8), respectively, to update A, C as well as a. It will then sort the parent population 

in a non-decreasing order for updating the Parentα, Parentβ as well as Parentδ. In the end, it 

will return Parentα as well as f (Parentα) upon the iteration’s completion. 
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When every individual in the grey wolves’ parent population executes its position update as well 

as will violate the boundary constraint, the below equation (19) is used to change the violating 

value: 
 

Parent = {

𝑙 𝑗 
, 𝑖𝑓 𝑓 (𝑃𝑎𝑟𝑒𝑛𝑡𝑖𝑗 

) <  𝑙
𝑢 , 𝑖𝑓 𝑓 (𝑃𝑎𝑟𝑒𝑛𝑡 )  𝑢

…
𝑃𝑎𝑟𝑒𝑛𝑡 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

In this equation, j  1, 2,..., d; i  1, 2,..., psize. 
 

Algorithm 1 will depict the hybrid GWO-DE algorithm’s pseudocode. 
 

Algorithm 1: Hybrid GWO-DE 
 

Input Set populated node psize feasible network load region in lower bound L {l1,...., ln} and 

upper bound region U {u1,……. , un}form the computed objective Function f. 

Output optimized best objective functional weights for network path 

Initialize a parent population of grey wolf Parenti ( i  1, 2,...., psize ) with a random position 

in a feasible region using (16); 

Step 1 : Initialize the Greywolf as cluster formation network path head as Parenti ( i  1, 2,...., 

psize ) and child nodes Cn as feasible objects f at region randomly close to relative point. 

For each Network Create Mutual nodes from the population limit  Mutanti ( i  1, 2, , psize 

) from 16 

    Cnrandom position (f(i) L*U) 

          For each cluster head Chpopulation (node +1) 

Child CCh(cn++) 

End for 

End For 

Compute the scaled probability crossover value Pc factor F; Initialize a, A and C; 

Processing all parent nodes from cluster f evaluation. 

Computing the population limit of each cluster head based on the objective function.  

For each cluster head (Parentα Parentβ, Parentβ) 

Generate the order limits of sequential nodes 

End for 

While (t < MaxGen) 
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For Each parent nodes get sequential child nodes be individual limits 

Attain the support node (7) 

end for 

Find the closet child node from Mutual population limit (Mp) from (9) 

For all child limits chooses the average mean distance node as cluster weight (10 and 11) 

Set the each cluster as parenti at route difference Chf 
 

Cheek the Relative measure average mean if ch (Childi) < f (Parenti) 

Attain the closest node from each child closest to parent node Parenti with Childi   
 

  End if  

End for 

Update A, C and a user (2), (4) and (8); 

Generate the non-decreasing order to order in redundant form for sorting parents cluster nodes  

 

Update the Parentα Parentβ, Parentβ computing path at transdual time t 

tt+1 

End 

While computed cluster head Ch at non-decreasing order  
 

  Update Parentα, Parentβ, Parentδ; 

t = t + 1; end while f (Parentα) end Return for all attentive nodes. 

Return Parentα and f (Parentα). 
 

3.6 Proposed Hybrid GWO-FF Algorithm 
 

For any metaheuristic algorithm, intensification and diversification (alternatively known as 

exploitation and exploration) will be the two key elements from amongst the diverse elements of 

algorithms. For the search space’s global exploration, metaheuristic algorithms have to yield an 

extensive solution range with the use of either the strategy of exploration or diversification. The 

strategy of exploitation or intensification will be able to direct the individual’s search within a 

local region on the basis of either prior knowledge or the newly uncovered information from the 

time of the procedure of search-related to an existing appropriate solution being detected in that 

particular region. Proper balancing of the intensification, as well as the diversification, become 

the convergence o produce accuracy [17]. 

At first, the literature’s earlier observations, as well as studies, have demonstrated the GWO as 

a metaheuristic algorithm that drew its inspiration from the grey wolves’ remarkable hunting 

mechanism as well as leadership behavior. To a certain extent, this population-based 

metaheuristic can avoid local optima stagnation. Moreover, it has a good capability to converge 
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towards the optima. Even though the GWO can normally advance itself strongly to exploitation, 

it is unable to always deploy exploration feasibly. Hence, in certain cases, the GWO is unable 

to successfully manage a problem and also can confront failure in the global optimal solution’s 

detection. Meanwhile, the FF algorithm is able to use the variation of light intensity for 

automatic subdivision of the entire population into various subgroups with regards to the 

attraction mechanism. Furthermore, the Lévy flight’s long-distance mobility has also enabled 

one of the FF versions to be retain local minima values. These benefits can demonstrate the FF 

algorithm’s good performance in exploration as well as diversification. In addition, in technical 

terms, the grey wolves’ efficiency in hunting is able to ensure that the GWO is able to offer a 

satisfactory mixing capability amongst the population and hence, can offer a more satisfactory 

population diversity. 

When due consideration is given to the merits of the GWO as well as the FF [18]for the purpose 

of hybridization, both algorithms are found to be most appropriate. Thus, this work has the 

proposal for a hybrid GWO-FF algorithm, made up of the combination of GWO as well as FF 

algorithms, so as to accomplish a more feasible trade-off between the diversification as well as 

the intensification, and also to provide substantially better results in comparison to the standard 

GWO as well as the FF with regards to the speed of convergence and the accuracy of the solution. 

It must be noted that, instead of using either random walks or other operators to produce newer 

positions, it will only mix as well as reassemble the information related to the individual location, 

which was acquired after the parallel GWO as well as FF procedures’ primary iteration. The key 

benefit of such a mechanism of mixing as well as reassembling will be to ensure that the focus 

of the search is on the present locations within the promising regions which had been attained in 

the earlier phase, rather than on searching or researching the search space’s regions of less 

promise. With a dependency on the aforementioned details, a summarization of the hybrid 

GWO-FF’s fundamental steps is offered as the following pseudo- code, wherein it is possible to 

observe that at the time of the entire process of iteration, a good balance between exploration as 

well as exploitation can be accomplished by the parallel utilization of the GWO as well as the 

FF. 

 

 

 

 

 

 

 

Figure 1 depicts the hybrid GWO-FF algorithm’s flowchart [19]. 
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Figure 1 Flowchart for Hybrid GWO-FF Algorithm 
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4 RESULTS AND DISCUSSION 
 

The results was tested with network simulation environment as shown in table 1 contains the 

parameters and Processing values. The proposed methods estimates the impacts of similarity 

methods in performance achievements compared to AOMDV, GWO, GWO-DE and GWO-FF 

methods. The performance evaluation carried out by testing with packet delivery ration, end to 

end delay routing performance, and jitter. The performance be evaluated be carried out 

difference of 100 to 600 nodes. 

Table 1 Average Packet Delivery Ratio for GWO-FF 
 

Number of nodes AOMDV GWO GWO-DE GWO-FF 

100 0.8237 0.8676 0.927 0.8977 

200 0.7793 0.8203 0.8903 0.8452 

300 0.7723 0.813 0.8624 0.8435 

400 0.7264 0.7612 0.8289 0.7893 

500 0.6823 0.7159 0.769 0.7376 

600 0.6518 0.6858 0.7338 0.7129 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2 Average Packet Delivery Ratio for GWO-FF 
 

From the figure 2, it can be observed that the GWO-FF has higher average PDR by 8.59% & 

3.41% for 100 number of nodes, by 8.11% & 2.99% for 200 number of nodes, by 

8.81% & 3.68% for 300 number of nodes, by 8.29% & 3.62% for 400 number of nodes, by 

7.78% & 2.98% for 500 number of nodes and by 8.95% & 3.87% for 600 number of nodes when 

compared with AOMDV and GWO respectively. The GWO-FF has lower average PDR by 

3.21%, 5.19%, 2.21%, 4.89%, 4.16% & 2.88% for GWO-DE when compared with 100, 

200, 300, 400, 500 & 600 number of nodes respectively. 
 

Table 2 Average End to End Delay for GWO-FF 
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Number of nodes AOMDV GWO GWO-DE GWO-FF 

100 0.00172 0.0015 0.0016 0.0014 

200 0.00211 0.0019 0.0019 0.0018 

300 0.00438 0.004 0.0039 0.0037 

400 0.00837 0.0074 0.0076 0.0069 

500 0.01535 0.0136 0.0131 0.0128 

600 0.02478 0.0222 0.0225 0.0205 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3 Average End to End Delay for GWO-FF 
 

From the figure 2, The proposed the GWO-FF has lower average end to end delay by 20.51%, 

6.89% & 13.33% for 100 nodes, by 15.85%, 5.4% & 5.4% for 200 nodes, by 16.83%, 7.79% 

& 5.26% for 300 nodes, by 19.25%, 6.99% & 9.65% for 400 nodes, by 18.11%, 6.06% & 2.32% 

for 500 nodes and by 18.9%, 7.96% & 9.3% for 600 nodes tested and associated methods with 

AOMDV, GWO and GWO-DE respectively. 

Table 3 Average Number of Hops to Sink for GWO-FF 
 

Number of nodes AOMDV GWO GWO-DE GWO-FF 

100 6.1 6 6.1 6.2 

200 8.1 7.9 8.1 8.2 

300 9 8.6 9 8.9 

400 9.7 9.2 9.7 9.5 

500 9.8 9.5 9.8 9.9 

600 10 9.7 10.1 10.1 
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Figure 4 Average Number of Hops to Sink for GWO-FF 
 

From the figure 2, The proposed GWO-FF has higher average number of hops to sink by 1.62%, 

3.27% & 1.62% for 100 nodes, by 1.22%, 3.72% & 1.22% for 200 nodes, by 1.11%, 3.42% & 

1.11% for 300 nodes, by 2.08%,3.21% & 2.08% for 400 nodes, by 1.01%, 4.12% & 1.01% for 

500 nodes  and by 0.99%, 4.04% & no change for 600 nodes when associated with AOMDV, 

GWO and GWO-DE respectively. 

Table 4 Jitter for GWO-FF 
 

Number of nodes AOMDV GWO GWO-DE GWO-FF 

100 0.00077 0.00068 0.00072 0.00064 

200 0.00183 0.00166 0.00152 0.00159 

300 0.00242 0.00222 0.00217 0.00212 

400 0.00238 0.00214 0.00219 0.00197 

500 0.00328 0.00295 0.00287 0.00279 

600 0.00346 0.00314 0.00308 0.00297 
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Figure 5 Jitter for GWO-FF 
 

From the figure 2, The proposed GWO-FF has lower jitter by 18.44%, 6.06% & 11.76% for 

100 nodes, by 14.03%, 4.31% & 4.5% for 200 nodes, by 13.21%, 4.61% & 2.33% for 300 

nodes, by 18.85%, 8.27% & 10.57% for 400 number of nodes, by 16.14%, 5.57% & 2.82% for 

500 nodes and by 15.24%, 5.56% & 3.63% for 600 nodes tested with different level of methods 

AOMDV, GWO and GWO- DE respectively. 
 

Table 5 Normalized Routing Load for GWO-FF 
 

Number of nodes AOMDV GWO GWO-DE GWO-FF 

100 0.19 0.18 0.18 0.17 

200 0.2 0.19 0.18 0.18 

300 0.24 0.23 0.22 0.21 

400 0.36 0.35 0.33 0.33 

500 0.37 0.35 0.34 0.32 

600 0.4 0.39 0.35 0.37 

0.004 

0.0035 

0.003 

0.0025 

0.002 

0.0015 

0.001 

0.0005 

0 

100 200 300 400 500 600 

Number of nodes 

AOMDV GWO GWO-DE GWO-FF 

J
it

te
r
 



Tianjin Daxue Xuebao (Ziran Kexue yu Gongcheng Jishu Ban)/  
Journal of Tianjin University Science and Technology 
ISSN (Online): 0493-2137 
E-Publication: Online Open Access  
Vol: 55 Issue: 06:2022 
DOI 10.17605/OSF.IO/BWMS6 

 

June 2022 | 315  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6 Normalized Routing Load for GWO-FF 
 

The normalized routing Load shown in figure 2, the proposed GWO-FF has a lower attain in 

providence in higher level 11.11%, 5.71% & 5.71% for 100  level nodes, by 10.52%, 5.4% & 

non variant 200 Tested nodes by 13.33%, 9.09% & 4.65% for 300 level nodes, by 8.69%, 5.88% 

& in 400 nodes, by 14.49%, 8.95% & 6.06% for 500 nodes  and by 7.79%, 5.26% & 5.55% for 

600 levels of nodes with dissimilar levels with AOMDV, GWO and GWO-DE respectively. 

 

5 Discussion 

The proposed method provide results are PDR result is 8.95%, end to end delay result is 9.3%, 

average number of hops to sink result is 4.04%, Jitter result is 3.63%, and Normalized Routing 

Load result is 7.79% for 600 nodes. The proposed GWO-FF technique provide better result 

performance compared with previous algorithms such as AOMDV, GWO and GWO-DE. 

 

6 Conclusion 

MANET is an infrastructure-less network. The dynamic nature of the multipath routing scheme’s 

topology makes it quite challenging to design it for MANET environments. This work has 

provided presentations on the AOMDV protocol, the GWO, the GWO with DE as well as the 

GWO with FF algorithms. Being the AODV’s extension, the AOMDV is a link disjoint routing 

protocol for multiple path detection. The standard GWO’s problem of easily falling into 

stagnation during attacks on prey is taken into account by the hybrid GWO-DE algorithm. This 

algorithm will have an integration of the DE into the GWO for updating the previous best 

position of grey wolves: Alpha, Beta, and Delta, such that the GWO is able to jump out of the 

stagnation using the DE’s strong search capability. Moreover, this proposed algorithm is able to 

accelerate the GWO’s convergence speed as well as boost its performance. On the other hand, the 

hybrid GWO-FF algorithm will effectively combine the strengths of the GWO as well as the FF 

algorithms so as to yield promising candidate solutions for the efficient accomplishment of the 

global optima. The proposed GWO-FF produce higher performance in packet delivery ratio up 

to 8.59% & 3.41% carried din 100 nodes, by 8.11% & 2.99% for processed in 200 nodes, by 
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8.81% & 3.68% to get in 300 nodes, by 8.29% & 3.62% in 400 nodes, by 7.78% & 2.98% 

achieved in 500 nodes and by 8.95% & 3.87% in 600 nodes when likened with AOMDV and 

GWO respectively. The GWO-FF has lower regular PDR by 3.21%, 5.19%, 2.21%, 4.89%, 

4.16% & 2.88% for GWO-DE when compared with 100, 200, 300, 400, 500 & 600 number of 

nodes respectively. 
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