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Abstract 
 
An evolutionary algorithm is an efficient approach for solving multiple 

objective optimization problems and is getting popular among decision-

makers and experts in deciding the solution. The cloud model is becoming 

popular due to its flexibility in offering a diversity of cloud services to its 
customers. The selection of cloud services from the vast list of available 

services may be challenging. The number of comparisons, response time, and 

energy also increases if the number of services or objectives increases. The 
growing record size of services or objectives is time-consuming and raises 

the overall response time and energy overhead. This paper presents a novel 

efficient approach known as Non-dominated sorting and ranking of services 
(NS-ROS), to find optimal services by avoiding unnecessary comparisons. 

The proposed method is compared with three other competing approaches on 

the same dataset to show the proposed method's efficiency. Experimental 

results show that our NS-ROS is computationally efficient than all the 
compared algorithms on response time, energy, and the number of 

comparisons required. 
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1 Introduction 
 

Image processing techniques are widely used in object recognition at 

risky environment for the sake of alerting the human operators to rescue the  

Cloud technology offers different types of resources to its customers through 
the internet. The customers can take cloud resources as per their usage and 

requirement [1]. Different users have different needs; therefore, identifying 

the suitable services by considering Quality of Service (QoS) attributes [2] is 

a challenge. In the real world, most of the decision system depends on 
multiple objectives which in most of the cases are conflicting in nature, and 

to find the solution(s), the evolutionary approaches [6,7,8] are applied, which 

discovers out the Pareto optimal solution [3]. The Pareto optimal solution is a 
tradeoff of all objectives [4] under consideration for decision making.  

The traditional optimization approaches are not efficient for solving a 

multi-objective problem (MOP) because they find only one Pareto-optimal 

solution [5] in one run. Therefore these methods have to be applied multiple 
times (for each objective) to find Pareto- Optimal solution set. Over past 

years several evolutionary algorithms such as NSGA II[6], PESAII[7], SPEA 

II[8] have been proposed by researchers for finding the solution in multi-
objective optimization problems. 

In the Non-dominated sorting approach, the solutions assigned to the 

Pareto fronts[9] based on their dominance relationship. This approach sorts 
the population according to the Pareto dominance principle, and then selects 

and rank the solutions.  The idea behind the non-dominated ranking 

procedure makes this approach computationally efficient in terms of the 

multi-objective evolutionary approach's total response time (MOEA) 
[10][11,12], mainly when dealing with multiple objectives.  

Suppose there is a solution P = (p1,p2,p3,…….,pi,………pm) and 

another solution Q =(q1,q2,q3,……,qi,……..qn) having total M objectives in 
P and Q.  The solutions in P are said to dominate the solution of Q.  if P is 

better or equal to solution Q in each of the objective(s). In case of 

minimization objective function, we can say that pi <= qi  ∀  i= 

1,2,3,……………………..,m. There may be situations where P's objectives 
do not dominate solution Q; then, P said to non-dominate Q. 

The research paper proposed a new computationally efficient non-

dominated sorting and ranking of services (NS-ROS) algorithm.  The NS-
ROS was more efficient than existing approaches in reducing the number of 

comparisons required to find the solution and the algorithm's total response 

time in finding an optimal solution. The NS-ROS algorithm's efficiency lies 
in reducing unnecessary and duplicate comparisons in finding an optimal 

solution. 

The research paper arranged as follows: Section 2 throws light on some 

of the approaches designed and proposed by researchers in finding Pareto set. 
In section 3, the working of the proposed system is discussed in detail.  
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The best and worst-case time complexity is also evaluated in this section. 

Experimental work and results are mentioned in section 4. In area 5, the 

analysis of the compared approaches with the proposed method is done. 
Section 6 comments on the conclusion of the paper and future work 

conferred.  

 

2  Related Work 
 

The growing demand for cloud services inspires many researchers to take 
a step in cloud service selection and ranking as per user requirement. The 

researchers have contributed to this field by proposing and implementing 

many non-dominated sorting approaches and different methods for finding 
Pareto set. The non-dominated sorting approaches are classified as– 

sequential approach and a tree-based approach. The review process intends to 

cover the SaaS cloud service selection and ranking approach as a multi-
objective optimization problem. Most of the excellent indexing services like 

IEEE transactions, Springer, Elsevier, ACM, and Scopus indexed Journals 

with the latest publications used for this review. Important terms used for the 

search were "cloud service selection issues," multi-objective optimization 
problem, non-dominated sorting approaches, (SaaS cloud services as a multi-

objective optimization problem, and non-dominated sorting).  

Deb et al. [13]  proposed a fast non-dominated genetic algorithm, an 
extension of the NSGAII algorithm in computational complexity. In the 

proposed approach, the comparison between the solutions happens only once, 

and the time complexity is O(MN
2
), but the space complexity increases from 

O(N) to O(N
2
).  

Jensen et al. [14] offer an approach using a divide and conquer strategy 

[15] to sort solutions in a multi-objective optimization problem. The time 

complexity for bi-objective computed as O(MN log N) and multi-objective is 
O(NlogM-1N). The computational complexity increases with an increasing 

number of objectives. Tang et al. [16] designed an efficient non-dominated 

strategy based on the arena's principle for assigning solutions to a front. The 
approach selects one solution at a time and names it as an arena host. The 

other solutions match for their dominance relationship with the solution 

already assigned arena host. In case the compared solution dominates the 

solution in-arena host, it will replace the existing solution; otherwise, 
ignored. The time complexity of this approach is O(MN

2
), and the space 

complexity is O(N).   

Fang et al.[17] proposed an efficient strategy is based on the divide and 
conquer approach for non-dominated sorting of solution. The algorithm 

divides data and then reduces dimensions recursively into two halves using 

its middle according to the first objective values. The proposed approach has  
O(MN2) as time complexity is, and O(MN) as space complexity.   
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Zhang et al.[18]  proposes an efficient two phase approach for non–

dominated sorting. The initial phase will sort the solutions using the primary 

objective values, and the next step assigns sorted solutions to Pareto fronts. 
The ENS approach is examined for the time and space complexities 

calculated and analyzed. The first approach is ENS-SS, which is efficient 

non-dominated sorting with sequential search with the time complexity is 
O(MN√N), and space complexity is O(1). The second method is ENS-BS, 

where non-dominated sorting done using binary search, and in this case, the 

time complexity is O(MNLogN), and the space complexity is O(1). Zhang et 
al. .in[19] [20] proposed an efficient approach based on a tree structure. This 

approach is based on the ENS approach [18], which first sorts the solutions 

using the primary objective. The fronts in T-ENS are in a tree structure, 

which improves the cases of comparisons between solutions. The best time 
case complexity is O(MNlogN/LogM), and space complexity is O(MN). 

Claymont and Keedwell in [21] propose two different non-dominated 

sorting approaches: climbing sort and deductive sort. The deductive sort 
found to be more efficient than climbing techniques in reducing the number 

of comparisons in dominance solutions. The time complexity in the 

deductive sort is O(MN2), and the space complexity is O(N). Roy et al. [22] 

also proposed a novel approach for non-dominated solutions. The approach is 
Best Order Sort (BOS), which sorts the solutions for each of the objectives, 

and ranks assigned to the sorted solutions. The method is beneficial for 

lowering unnecessary comparisons among the solutions. The approach has a 
time complexity of O(MN2) and O's space complexity (MN). 

  Corner sort in [23] proposed a novel approach for finding the ranks of 

non-dominated solutions. The approach is similar to the deductive sort 
approach but does not choose an arbitrary vector and chooses the vector, 

which is definitely in current rank. Therefore it is found to be better than the 

deductive sort. Silas et al. [24] proposed SSM_EC for the selection of cloud 

services. The QoS parameters as per the user preference considered for the 
study, and the cloud provider is responsible for providing service description. 

The credibility between the concordance index used for giving truthfulness 

and the discordance index helps calculate the candidates' relationship.  
In [25], Saripalli and Pingali rank the solution by finding the best 

alternative. The method used for the study is simple Additive Weighting 

(SAW), which ranks the alterative and makes it feasible for finding the best 
service. The MADMAC framework, based on three primary functions, 

including cloud switch, cloud type, and vendor choice presented in research 

for adopting cloud services. Yang et al. [26] identified cloud service selection 

as a challenge and proposed a model for helping in identifying cloud services 
from three primary perspectives, which are functional, non-functional, and 

transactional dimensions. The model uses a novel coding strategy and a 

hybrid particle swarm optimization algorithm designed using a genetic 
algorithm.  
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In [27], Klein et al. proposed a novel service composition method for 

developing a network model based on latency calculation for the user in the 

same and different locations. The author proposed a network-aware QoS 
computation for latency and transfer rate for network QoS computation. The 

experimental analysis shows that latency computed for service composition 

is optimal and improved compared to other algorithms.  
Pan et al.  [28] proposed a trust-enhanced service model for improving 

trust between the provider and the customer. This model focus on filling the 

missing QoS value and use them for ranking services. The service selection 
model has four parts, including proposing a trust model—second calculating 

QoS values based on user experience. Third, designing a trust-enhanced 

similarity for finding similar trusted neighbors and the last ranking of the 

services. Wu et al. [29] proposed a filtering method to improve the existing 
user's reputation. The process filters out the ratings which are not trustworthy 

and helps both the service provider and consumers to opt for the cloud 

service of their choice. Pandey and Daniel, in  [30], proposed a cost 
framework for cloud service selection. The framework checks the 

trustworthiness by using fuzzy logic and helping the user in analyzing 

services on multidimensional parameters. 

Best Order Sort (BoS) [33] sorts the population by each objective, and 
the ties removed using lexicographical comparisons. The solution in BoS 

compared with only those Solutions which are not worse than the compared 

solution, and the dominating solution sorted in the set, and the rank is 
updated.  

Efficient Non-dominated Sort (ENS) [34] does the sorting of solutions 

for the first objective. If there is a tie, the solution compared with other 
solutions using the second objective, and then ranks are assigned to the 

solutions. There are two search strategies used in ENS: the sequential search 

and a binary search.  

The existing literature study shows that the current approaches help in 
non-dominated sorting of solutions into fronts. A comparison between 

different solutions is the primary step for identifying dominated and non-

dominated solutions. An algorithm's efficiency will increase if the number of 
comparisons used for sorting the population gets reduced. In all the existing 

approaches, many unnecessary comparisons compromise the performance.  

 

3 Quality of Service Parameter 
 

The evolutionary algorithms, also known as search algorithms, find the 
solutions' rank in Multi-objective problem. The non-dominated sorting 

approach sorts the service based on the quality of service(QoS) parameter 

values [31][32]. The (QoS) values of different attributes, including response 
time, availability, cost, scalability, flexibility security, privacy, etc. should be 

considered to find the cloud service's performance.  
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The QoS attributes mainly depends on the type of cloud service user is 

demanding. The QoS attributes for the application-oriented services is 

different from the platform-oriented or hardware-oriented services.[36]- [42] 
 

4 Non-Dominated Sorting and Ranking of Services (NS-
ROS) 
 

The Non-Dominated Sorting and Ranking of Services (NS-ROS) use a 
bucket sort algorithm [35] to sort the services.  There is a reduction in the 

total number of comparisons required to find optimal service(s) in the 

proposed algorithm.  
The proposed approach is based on selecting and ranking the relevant 

services as per user requirement. The optimal service is calculated using the 

dominance relationship between the same ranked services and finally storing 

it in an optimal service set. Our approach's key point lies in sorting the 
services for each objective function and treating duplicate and unnecessary 

comparisons among services that improve the overall performance of 

searching an optimal service. The proposed approach is formalized with a 
step-by-step example to illustrate our algorithm. In a population S, where 

each service contains M objective values, the dominance set of services is si 

  S obtained by selecting and sorting S iteratively as follows: 

 First, the user requirements are taken and then compared with 

the list of available services, this filter out the services that fall into the user 

requirement range and stored in the candidate service set.  

 The candidate service was sorted in ascending order or 

descending order (m=1,2,3……..M) and stored separately in each objective 
function. The sorted services are ranked in the same order they are sorted. 

 After sorting and ranking of services, the same ranked services 

from each objective set is taken for dominance comparison, and the 

comparison continues until an optimal service(s) is found.  
To illustrate NS-ROS's working,  step by step example using a service 

population S composed of 10 services and bi minimization objectives (Cost 

and Response Time)  shown in Table 1. The first column shows the service 

list and the values of each objective. The following four tables (filtration, 
sorting, ranking, and dominance comparison) offer the optimal service 

evaluation. The following steps previously described in reaching the optimal 

service are as follows: 
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Table 1: Illustrative Example of NS-ROS approach 

Available Services Cost (Rs/Hr) Response Time( no of 

services request/sec) 

S1 50 3.5 

S2 60 3 

S3 70 2 

S4 10 6 

S5 20 2 

S6 30 1 

S7 90 4 

S8 110 2 

S9 56 3 

S10 80 4 

 

Table 1 shows the list of available services {S1, S2…….S10}, the cost 
and response time offered for each service is also mentioned here. The user 

requirements are taken, and candidate services are taken out of the table.table 

2 ,3,4 and 5 shows Filtration (NS-ROS) , Sorting (NS-ROS), Ranking (NS-

ROS) and Dominance Comparison (NS-ROS) 
 

Table 2: Filtration (NS-ROS) 

Available Services Cost (Rs/Hr) Response Time( no of 

services request/sec) 

User Requirements Cost [40 – 90] RT [ 2 – 5] 

S1 50 3.5 

S2 60 3 

S3 70 2 

S7 90 4 

S9 56 3 

S10 80 4 

Candidate Service Set 

|CS| 

{ s1, s2,s3,s7,s9, and s10}.     

 

 

Step 1: The user requirements are taken in range, the cost of the service 

mentioned by user ranges between [40-90] rs/ hr, and the response time range 
is between [2-5] seconds.  The provider's QoS attributes values for the 

services are matched with the QoS attributes mentioned by the user. The 

services which fall into the user-specified range in all the objective functions 

are filtered out, and they will go in the next round. Therefore the services fall 
in the range for both the objectives are stored in the candidate service set { 

s1, s2,s3,s7,s9, and s10}. 
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Table 3: Sorting (NS-ROS) 

Candidate Services Cost (Rs/Hr) Response Time( no of 

services request/sec) 

S1 

S2 

S3 

S7 

S9 

S10 

S1(50) S3(2) 

S9(56) S2(3) 

S2(60) S9(3) 

S3(73) S1(3.5) 

S10(80) S7(4) 

S9(90) S10(4) 

Step 2: The services are sorted for cost and later for response time in 

ascending order as the objectives are minimization objective function. The 

sorted services in objective set 1 are { s1,s9,s2,s3,s10,s9} and the sorted 
services in objective set 2 are { s3,s2,s9,s1,s7,s10}.  

 
Table 4: Ranking (NS-ROS) 

Rank [Candidate 

Services] 

Cost (Rs/Hr)  [Set 1] Response Time( no of 

services request/sec) [set2] 

R1 S1(50) S3(2) 

R2 S9(56) S2(3) 

R3 S2(60) S9(3) 

R4 S3(73) S1(3.5) 

R5 S10(80) S7(4) 

R6 S9(90) S10(4) 

Step 3: The sorted services are ranked in the ascending order in objective 

set 1 { r1-s1, r2-s9, r3-s2,r4-s3,r5-s10,r6-s9} and the ranked services in 

objective set 2 are { r1- s3,r2- s2,r3-s9, r4- s1,r5-s7, r6- s10}.  

 
Table 5: Dominance Comparison (NS-ROS) 

Rank [Candidate 

Services] 

Dominance Comparison Optimal Service Set 

R1  (S1,S3) Non-Dominated [Ignore 

both services] 

R2 (S9, S2) S9 Dominates [ store for 

future comparison] 

R3 (S2, S9) Already compared 

[Ignore] 

R4 (S3,S1) Already compared 

[Ignore] 

R5 (S10, S7) Non-Dominated [Ignore 

both services] 

R6 (S9,S10) S9 Dominates [ store for 

future comparison] 

Optimal Service Set | 

OS| 

S9 is the optimal service 
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Step 4: The same ranked services are compared { 

s1,s3},{s9,s2},{s7,s10},{s9,s10} and then optimal service is evaluated using 

dominance relationship between the compared service. The dominance rules 
mentioned in section 4.3 are applied to do the comparison.  

The table [1-5] shows that the non-dominated services not considered for 

further comparison; therefore, {s1,s2,s3,s7, and s10} are ignored to be sent in 
the optimal set, but {s9} is the dominating service. Therefore it is the optimal 

service and stored in the optimal service set.  

 

4.1 Assumptions of NS-ROS 
 

The assumptions of the non-dominated ranking of service (NS-ROS)  

approach shown below. NS-ROS helps select, sort, rank, and find the optimal 
service as per the user requirements. The paper models the service selection 

in the cloud as a multi-objective optimization problem.  

 

4.1.1 Modeling of Cloud Services 
 

Suppose N denotes the total number of available cloud services in 

service set S.  
S= {s1, s2, s3……, sn,… N }                                                                             (1) 

Sn= < qn1, qn2, qn3……. qnj…….. qn1 >                                                               (2) 

Sn is the n
th 

service of the set S and lets j
th 

QoS attribute of n
th 

service 
denoted by qnj. 

 

4.1.2 Modeling of User   
  

There are total J users who are interested in requesting service.   

U = {u1, u2, u3,… ,uj,……………… J}                                                                  (3)  

uj  = qm[min – max]                                                                                                                                    (4) 
uj is the jth user requesting the service and provided the requirement in the 

range [min-max]. 

The NS-ROS approach uses the above equations (1), (2), (3), and (4) for 
ranking and finding the optimal service.  

The sorted services are ranked will give the best service for that 

particular objective. The dominance comparison will find the optimal 
service, which will be the tradeoff among all the objective functions. 

 

4.2 Algorithm –NS-ROS 
 

The proposed NS-ROS approach shown in Algorithm 1 below includes 

four major steps: 
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1) Sieving Step(Filteration) is the first step where the services 

filtered into the candidate service set.  

2) Sorting of services is the second step that involves the sorting of 
candidate services according to each objective function. 

3) Ranking of services, the sorted services are assigned ranks in 

ascending order. 
4) Dominance Comparison this is the last step showing dominance 

comparisons of same ranked service.  

 

4.2.1   The Workflow of NS-ROS Shown in Algorithm 1 
---------------------------------------------------------------------------------------------

------ 

Algorithm 1 NS-ROS: Non-dominated sorting and for ranking of 

services algorithm  

---------------------------------------------------------------------------------------------

------ 
Input: A service set S, User objectives function O, QoS attribute range [min-

max]  

Output: Optimal service/services 

 
1. Sieving Algorithm                                                        // filtering candidate 

services  

2. Sorting  Algorithm                                                       // Services sorted for 
each  Objective function  

3. Ranking Algorithm                                                //  Sorted candidate 

services are ranked. 
4. Dominance Comparison Algorithm                         // Same ranked services 

compared  

---------------------------------------------------------------------------------------------

------ 

Algorithm 2:  Sieving (Filtering ) Candidate Services 

---------------------------------------------------------------------------------------------

------ 
Input: Service set S, objective O, QoS range [min-max] 

Output:   User objective set UO, Candidate service set CS 

1.   for  m =  (1 to M )                                                          
2.    for i= (1 to N)                                                           

3.              for j= (1 to J)                                                           

4.             UO= < Omj  , minqmj - max qmj   > 

5.             Select services from Si such that (min Omj ≤ qij ≤  max Omj )  
6.             CS = Si                                                                     

7.            exit for    

8.            exit for 
9.            exit for 
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10.  if (CS = Si =1)  then                                              

11.  OS= Si                                                                 

12.   else  
13.      if (CS=0)                                                      

14.      Select  services in CS= Si  ( 1 to N)       

15.       else go to step 4                                     
16.      endif 

17.   endif 

18.  return CS                                                               // candidate services  
---------------------------------------------------------------------------------------------

------------------------ 

Algorithm 3: Sorting of Services  

---------------------------------------------------------------------------------------------
--------------- 

Input: Candidate service set CS, Objective set Um 

Output: Candidate objective set COk 

1. for k =(1 to J)                                                   

2.      for Um =(1 to J) 

3.       select OO[k] = CS [i]  ∀  Um [J]         

4.      OOk += CS[i]                                                    
5.      Bucket Sort (set OOk)                                          

6.      Return (OOk)                                                        

---------------------------------------------------------------------------------------------
--------------- 

Algorithm 4: Rank Assignment to candidate services 

---------------------------------------------------------------------------------------------
--------------- 

Input: candidate objective set CO   

Output:  Ranked service Lj
R(s[i]) 

     

1.   for  CO[j] = (1 to J )                                                 // for all candidate 
objectives set .  

2.        for  CS[ i]= (1 to N)                                                  // for all candidate 

services   
3.             for    r = (1 to N)                                                 // rank for the 

candidate services  

4.             select CS[i] from CO[j]                                   // take i
th 

 service 

from OOj 
5.             CS[i] = r                                                      // assign rank to CSi 

6.             Lj
R(CS[i]) 

    ←    Lj
R(CSi) 

   U  {CS[i]}         // include CSi  to Lj
R(s) 

 

ranked service set 
6.             r   = r  + 1                                                            //  update rank 

count 

7.               end for 
8.        end for 
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9.  end for 

10. return R(CSi)                                   // ranked services 

---------------------------------------------------------------------------------------------

--------------- 

 

4.3 Rules of Dominance Comparison  
  

The optimal solution was found after finding the dominant relationship 

between all compared services. The compared services have the same Pareto 
front. One service "s" is said to dominate another service "t" when the service 

"s" dominate the service "t" in all objective functions. The service "s" is said 

to be non-dominating with other services "t" if service s is dominated by 

service "t" in one or more objective functions.  The dominance comparison 
will evaluate the optimal service/service. There are three novel rules applied 

in the NS-ROS algorithm for dominance comparison among services. 

Rule 1: The compared services having the same rank but in a different 
objective: In this case, we will ignore the comparison and will include the 

service in the optimal solution set. 

Rule 2: The services already compared: In this case, we will also ignore 

the comparison and use the stored result. 
Rule 3: Two services are different and have the same rank in other 

objectives; in this case, we will compare the services for their dominance. 

The result of the dominance comparison is stored in the set. If only one 
service is found in the set, it will be treated as the optimal solution; 

otherwise, the set services are compared again to locating the optimal 

solution.  
---------------------------------------------------------------------------------------------

--------------- 

Algorithm 5:  Dominance Comparison   

---------------------------------------------------------------------------------------------
--------------- 

Input: Services si, sn 

Output:  optimal solution set OS 
1.  compare r[i]cs[i]=r[n]cs[n]                   // dominance comparison       

2.  for all Oj (csi) <= Ok (csn)                // for all objectives in s dominates t 

(minimization) 
3:  select CSi  in optimal set OS                                

4.        If  OS= 1 then                                    // singleton solution  or  optimal 

solution              

                           
5.         optimal solution CSi 

6.       else  

7.       Repeat step 2                                  // evaluate optimal solution 
8.       OS= CSi 
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9.      End if 

10.   return optimal solution/solutions 

 

5 Calculation of Computational Complexity 
 

The computational complexity of the NS-ROS depends on the ranking 

algorithm and calculated in this section. The non-dominated sorting 

performed on n services and m objectives.  The algorithm NS-ROS approach 

consists of four steps: filtration step for selecting services, sorting step will 
sort the services for each objective, ranking step will rank the sorted services, 

and dominance comparison for finding optimal service. The computational 

complexity is calculated for two cases, i.e., .worst-case complexity and the 
best case complexity.  The computational complexity of FNDS, deductive 

sort, ENS-SS, and NS-ROS algorithm is shown for the worst case and best 

case time complexity. FNDS  
Algorithm has the same time complexity both in the best and worst-case 

scenarios. The NS-ROS approach has almost the same number dominance 

comparisons, and the best case time and worst-case complexity of the 

deductive sort and NS-ROS approach are the same. 

 
Table 6: Time and Space complexity Comparisons  of all four algorithms 

S.No Algorithm Best Case time 

complexity  

Worst-case 

time 

complexity  

Space 

Complexity 

1. NS-ROS O(MN)                                                                                                      O(MN2) O(N) 

2. Deductive sort  O(MNlogN) O(MN2) O(N) 

5. ENS-SS  O(MNlogN) O(MN2) O(N) 

6. FNDS  O(MN2) O(MN2) O(N2) 

 
Table 6 represents the NS-ROS algorithm's computational complexity, 

along with three existing algorithms FNDS, ENS-SS, and deductive sort. The 

best and worst time case complexity is calculated for all the four algorithms. 
The computational complexity of NS-ROs approach (Algorithm 1) is the 

worst and best case scenario is the integration of the intricacies, as shown in 

Algorithm 2, 3, and 4, as shown below:  
 

5.1 Algorithm 2: Filtration Step  
 

All the N services have to be searched at least once to filter the candidate 
services in this step. Therefore the complexity will be O(n), and as there are 

M objectives thus the complexity becomes O(MN) 

 Worst Case/ Best Case  Time Complexity 

   Time complexity worst/ Best  = O(MN) 
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5.2 Algorithm 3: Sorting Step  
 

The algorithm used merge sort as the sorting technique, and it also has 

the same best and worst-case time complexity of O(NlogN) and there are M 

objectives for which sorting has to be done; therefore, the complexity 
becomes O(MNlogN) 

Worst Case/ Best Case  Time Complexity 

Time complexity worst/ Best  = O(MNLogN) 
 

5.3 Algorithm 4: Ranking  Step  
 

NS-ROS algorithm has a sorted list stored in the candidate objective set 
from the above sorting set. If there are N services in the worst and best case, 

then the rank is assigned starting from service 1 to N. 

Worst Case/ Best Case  Time Complexity 
Time complexity worst/ Best  = O(MN) 

 

5.4 Algorithm 5: Dominance Comparison  Step  
 

In the worst-case, two different services having the same ranked are 

picked, and comparison is made. Therefore, the worst-case time complexity 

is O(N2) while in the best case, there is the same service in different 
objective function; therefore, the best case have O(1) 

Worst Time Complexity 

Time complexity worst = M. Num_compworst 
                    = O(MN2) 

Best Time Complexity 
Time complexitybest = M. Num_compbest 

   = O(M) 
 

6 Experimental Results 
 

The proposed algorithm NS-ROS compared with three existing 

approaches, namely Deductive Sort, ENS–SS, and Fast Non-dominated Sort. 

NS-ROS's performance was analyzed from the experimental results through 
using windows 10 with an intel i4 processor and 4GB of RAM. The 

implementation of the algorithms done in Jmetal 4.0         

 

6.1 Number of Comparisons 
 

The total number of comparisons required by all four approaches with 
varying objectives and a varying number of services is calculated. Population 

size [100-250] with an increment of 10 and Objectives [2,3,4 and 5]  
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Table 7,8,9 and 10 provides the  Number of comparisons in FNDS, Number of 

comparisons by Deductive Sort, Number of comparisons by ENS-SS and Number of 

comparisons by NS-ROS 

 
Table 7: Number of comparisons in FNDS 

 
 

Table 8: Number of comparisons by Deductive Sort 

Population 

Size 

Number of Objectives 

2 3 4 5 

 

100 

 

4360 

 

4400 

 

4450 

 

4500 

110 4500 4580 4690 4700 

120 4750 4810 4830 4850 

130 4800 4890 4950 5000 

140 5000 5040 5150 5200 

150 5340 5420 5450 5500 

 

Table 9: Number of comparisons by ENS-SS 

Population 

Size 

Number of Objectives 

2 3 4 5 

100 3600 3650 3670 3710 

110 3780 3800 3890 3920 

120 3890 3990 4000 4130 

130 4050 4150 4250 4320 

140 4210 4320 4450 4500 

150 4450 4560 4620 4720 
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Table 10: Number of comparisons by NS-ROS 

Population 

Size 

Number of Objectives 

2 3 4 5 

100 2400 2340 2450 2500 

110 2600 2650 2690 2700 

120 2770 2800 2850 2890 

130 3020 3100 3150 3170 

140 3260 3280 3360 3400 

150 3500 3530 3550 3620 

 

6.2  Response Time  
 

The total response time calculation of four non-dominated sorting 
approaches with an increasing number of services for a fixed number of 

objectives [2,3,4,5]. The population size is [100 -250] on X-axis, and the 

total run time (s) in shown on Y-axis.  
      

 
Fig 1: Total Response time for  M=2 

 
Fig 2: Total Response time for  M=3 
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Fig 3: Total Response time for  M=4 

 
Fig 4: Total Response time for  M=5 

 

6.3 Discussions of the Experimental Study 
 

The experimental study on the four algorithms is evaluated on the three 

parameters: computational complexity, number of comparisons, and total 
response time. The section discusses the experimental environment used in 

the execution of the NS-ROS algorithm. The NS-ROS algorithm's and three 

well-known algorithms from the literature: deductive sort, ENS-SS, and 
FNDS are compared on a set of two experiments are carried out with Varying 

the number of objectives for a fixed number of services, using the dataset and 

Varying the number of services for a set number of objectives, using the 

dataset. The simulator used in conducting experiments is JMetal Simulator. 
The algorithm is implemented in java. The results are evaluated bot for the 

proposed NDS-ROS algorithm with three existing algorithms. 
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6.3.1 Computational Complexity 
 

The computational complexity of GBOS-SS, Deductive sort, ENS-SS, 
and NS-ROS algorithm is calculated for the worst case and best case time 

complexity. The best-case time complexity of the NS-ROS approach for N 

number of services and M number of objectives is O(MNlogN), which is at 
par to the existing systems.  The computational complexity in the worst case 

of NS-ROS and deductive sort, ENS-SS, and GBOS-SS are the same as 

O(MN2), while the best case time complexity of NS-ROS is O(MNLogN).  
 

6.3.2 Number of Comparisons Required 
 

The number of comparisons calculated for FNDS, deductive sort, ENS-
SS, and NS-ROS approach was first set up in the first setup in [table 2,3,4 

and 5]. The experimental the [2,3,4 and 5]. The number of comparisons 

shown for the individual approach for finding optimal cloud service is 
mentioned as population size. The results show that FNDS has a maximum 

number of comparisons and the NS-ROS approach has a minimum number 

of comparisons.  

 

6.3.3 Total Response Time 
 

The second setup shows figures [1, 2,3, and 4], represented in graphs for 
offering the total response time required by all four non-dominated sorting 

approaches. The increasing number of services/ population size [100-250] 

and the number of objectives [2,3,4 and 5]  taken for the study. The 
experimental results from the tables and graphs show the response time 

required by all the four approaches. The NS_ROS approach requires a 

minimum run time to complete the process, whereas NSGA-II requires the 

highest response time. The computational complexity in the worst case of 
NS-ROS and, deductive sort, ENS-SS, and FNDS are the same as O(MN

2
), 

while the best case time complexity of NS-ROS is O(MN).  

 

7 Conclusion and Future Directions 
 

The paper gave a new non-dominated sorting algorithm NS-ROS for 
selection, ranking, and finding optimal cloud service. The comparative result 

of the deductive sort, ENS-SS, FNDS, and NS-ROS algorithm analyzed on 

parameters such as computational complexity, number of comparisons 
required to find the optimal solution, and total response time needed for the 

algorithm. The proposed approach NS-ROS outperforms the existing 

methods in all the parameters under different experimental setup. The time 
complexity is calculated for the algorithm while the number of comparisons 

and response time is estimated through experiments.  
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The experimental setups were conducted for the performance study of 

existing approaches and the proposed approach. The figure [1-4] and table 

[2-5] shows the efficiency of the proposed algorithm. The NS-ROS performs 
better than other existing techniques due to the filtration step where not 

required services are removed from the list, and the sorting and selection 

only occur on fewer numbers. Secondly, only the services which have the 
same rank compared, and therefore it also lowers down unnecessary 

dominance comparisons and reduces redundant comparisons. 

The proposed algorithm NS- ROS is used for multiple objective 
problems, and the algorithm has four important parts: sorting, selection, 

ranking, and finding optimal services. The NS- ROS algorithm has the best 

time complexity (MN) and worst-time case complexity (MN
2
). The NS- ROS 

algorithm has some advantages over other algorithms. Still, there is one 
drawback that the sorting time and dominance comparison time increases 

when there increase in the number of objectives or services. Therefore, an 

improved version can be identified in the future, which can overcome these 
limitations. 
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