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Abstract : Assignment problem (AP) is commonly employed in industrial organization, manufacturing system, and developing 

service system to efficiently allocate n activities to n devices in order to optimize total resources. In the multi-objective 

assignment problem (MOAP), there is a considerable amount of research focused on investigating efficient solutions. This article 

discusses the use of a non-dominated sorting genetic algorithm (NSGA)-II and III with aspiration level (AL) for solving a multi-

objective Assignment problem using an exponential membership function. In this article, the decision-maker (DM) needs to 

define different aspiration levels (ALs) based on his or her preferences and various shape parameters (SPs) in the exponential 

membership function (EMF) to illustrate how integrating solutions of the problem can lead to effective allocation plans. This 

research concludes that the suggested approaches can manage MOAP competently and efficiently with a solid yield, allowing the 

decision maker (DM) to make a decision based on its aspiration level. 

. 

Index Terms - Multi-objective assignment problem, Aspiration level based NSGA-II, Aspiration level based NSGA-III, 

Shape parameter 

I. INTRODUCTION 

In optimization problems, multi-objective optimization problem (MOOP) deals with optimizing several objective functions that 

are not compatible. The goal of MOOPs in the Mathematical programming (MP) agenda is to maximize multiple objective 

functions while considering certain limitations. MOOPs are more pragmatic but also more challenging to resolve compared to the 

single-objective version. When evaluating various objective functions, a single optimal solution is typically not found. The idea of 

being optimal comes directly from Pareto dominance, which creates a partial order among the solutions. The Pareto optimal 

solutions are feasible solutions that cannot be improved in one objective without worsening another objective simultaneously. A 

decision maker (DM) would opt for an efficient solution (ES) since it embodies all potential trade-offs. Nonetheless, if a 

significant number. 

       With a variety of efficient options to choose from, the decision maker struggles to pick their favorite solution among all the 

efficient ones. Therefore, additional information is necessary to find the best solution in these models, which can be obtained 

from the subjective preferences of the decision maker. This recommended option is categorized as the "Best Compromise" 

solution due to the balancing act between multiple objectives. [13]. 

      This article discusses a different method to address a specific instance of the MOOP by using a MOAP. In the classical 

assignment problem, the goal is to optimize a function with decision variables, whereas in MOAP, there are multiple objectives 

such as minimizing time, distance, and cost, and maximizing profit, quality, and sales [12, 13]. 

In a the real-world situation, a deterministic solution may not always be optimal for MOAP due to various contributing 

parameters. Numerous researchers focused on solving MOAP and offered the optimal solution. Tsai et al. [15] , Przybylski et al. 

[10] , Bao et al. [1] , Bufardi [3], Kagade and Bajaj [9] , Przybylski et al. [11], De and Yadav [4],  Gupta et al. [6],  Tiwari et al. 

[14] , Jayalakshmi and Sujatha [8], Hammadi [7], Belhoul et al. [2] , V. Yadiah. [16] etc have provided the single best 

compromise solutions for MOAP. Nevertheless, in this instance, the DM is unable to choose alternative solutions that are not 

dominated. Moreover, let's assume MOAP includes a substantial amount of employees and tasks. In such scenarios, certain 

methods, such as fuzzy programming technique, become overly complex and time-consuming for computation to solve the 

problem. Evolutionary genetic methods are especially successful in these areas as they progress toward superior solutions using 

genetic operators inspired by natural genetic mechanisms. The hybrid genetic algorithm (HGA) approach provides us with one 

solution. NSGA-II and NSGA-III techniques generate a Pareto front containing all non-dominated solutions on the first front, 

resulting in DM receiving solutions that fall below its Aspiration Level. This article addresses the shortcomings of current 

methods by proposing modified solution strategies for MOAP. This study introduces Aspiration Level-based versions of NSGA-II 

and NSGA-III. objective by providing a set of optimal solutions that cannot be improved in one criterion without compromising 

another. Enable the Decision Maker (DM) to select the solution according to the needs. 

     As a result, the this paper propose an approach for creating an initial population in anticipation of using Aspiration Level-

based NSGA-II and NSGA-III on MOAP. 
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II. MATHEMATICAL FORMULATION OF MULTI-OBJECTIVE ASSIGNMENT PROBLEM: 

The general mathematical formulation of multi-objective assignment problem is as follows [1-4, 6-16]:  

Model-1: 

1 1

min ( )
n n

k k

ij ij

i j

Z x c x
 

  , k=1, 2… m                                                                                                       
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thi  worker)                                           (2.2) 

th th1; if i worker perform to j job

0; else
ijx


 


(2.3)   

 11,..., xij nnx x  is the matrix of decision variable and 
ijc  is the cost of assigning the 𝑗𝑡ℎ  job to the 

thi  worker.       

III. SOME PRELIMINARIES 

Positive Ideal Solution (PIS) and Negative Ideal Solution (NIS) 

PIS and NIS are defined by the minimum and the maximum value of an objective function respectively which are necessary to 

calculate the membership value for each objective function [5, 12, 13]. 

The PIS and NIS for objective 
kZ  is: 

 
PIS mink kZ Z

 
NIS maxk kZ Z

 
Subject to constraints (2.1) -(2.3) Subject to constraints (2.1) - (2.3) 

Exponential membership Function: 

In MOOPs, the fuzzy membership functions assist in distinguishing the different aspiration levels (ALs) of DM through the goal 

functions. Furthermore, the membership function is employed to depict the effectiveness of vague data, incorporating fuzzy 

numbers from decision-makers and preferences for uncertainty. The exponential membership function (EMF) offers greater 

flexibility in representing the precision of parameter values compared to other methods. Furthermore, it provides a more precise 

reflection of reality compared to the linear membership function [5, 13]. 

If PIS

kZ and NIS
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where,  
NIS

NIS PIS

k k
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
 and 0S  is shape parameter (SP) which specified by DM such that    0,1

kZ x  . The membership 

function is strictly convex (concave) for 0(S 0)S    in [ PIS NIS,k kZ Z ]. 

IV.  SOLUTION PROCEDURE 

This section introduces a AL based  NSGA-II and NSGA-III and HGA approaches for MOAP to find out the Pareto front 

solutions. As well as this approach provides better litheness to solve the MOAP in terms of different variety of ALs for all 

objective functions. 

Steps to find the efficient solution of MOAP using HGA: 

Step-1: Consider the multi-objective assignment problem (Model-1). 

Step-2: Convert maximum objective function of the problem into minimum form. 

Step-3: Find out the positive ideal solution (PIS) and negative ideal solution (NIS) for each objective function. 

Step-4: Find fuzzy exponential membership value for KZ . 

Step-5: In this step, multi-objective assignment problem is converted in the single-objective 

optimization problem (SOP) as follows.  

 (model-3) 

1

max
k

m

Z

k

W 


  

Subject to the constraints: (1) – (3) 

    0; 1,2,...
k kZ Zx x k m                                                                                                  (4.1) 

where,  
kZ x  is the desired aspiration level of fuzzy goals corresponding to each objective.  Above model can be solved by 

varying aspiration levels of the DM regarding the achievement of various fuzzy goals [Gupta].  

Step-6: Find the different assignment plans for the model- 2 which is developed in step-5 using 

genetic algorithm (GA) with various choices of the shape parameter. 

Steps to find the efficient solution of MOAP using Aspiration level  based NSGA-II and NSGA-III: 

The following is a step-by-step description to find efficient solutions to the MOAP using Aspiration levelNSGA-II and NSGA-III. 

http://www.jetir.org/


 © 2024 JETIR September 2024, Volume 11, Issue 9                                                 www.jetir.org (ISSN-2349-5162) 

 

JETIR2409184 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org b688 
 

Apply the step- 1 to step-4 as discuss above. 

Step-5: In this case, use NSGA-II and NSGA-III with different estimates of ALs and different values of SPs to generate the 

solution sets of  p-1 which satisfied the constraints (1)- (3) and (5).  

NSGA-II 

NSGA-II  is a multi-objective evolutionary algorithm which is based on non-dominated sorting. It can be thought of as an 

improved form of NSGA. By implementing a superior accounting strategy that lessens the complexity of the classification 

algorithm without generating each generation, NSGA-II  provides a quick domain-less classification approach. Depending on the 

level of non-domination, the NSGA-II operates on a population of size. The NSGA-II approach indicates the property of 

elitism and does not require any sharing parameters. The crowding distance operator is used for the diversity preservation process. 

Additionally, it is computationally quick. 

To understand the concept of NSGA-II, first we discuss its two main operator: Non-dominated sorting, , Crowding distance 

tournament selection operator. 

Aspiration level based NSGA-II: 

Deb et al. [17] have invented a novel NSGA-II approach to produce a Pareto frontier. In this method, no DM is required to 

prioritize the objective function; therefore, DM gets solutions that are below its AL. In order to overcome this, we have enhanced 

the NSGA-II by adding a constraint  

    0; 1,2,...,k kZ Z
x x k m    ...  (4.2)  

where  kZ x is given AL corresponding to 
thk  objective function and x is one solution, to satisfies the DM’s AL. The enhanced 

version of NSGA-II is called Aspiration level based NSGA-II 

The Steps of AL based NSGA-II 

Step-1: Initialize with crossover probability, mutation probability, number of iterations, population size. 

Step-2:Generate the initial population 
tP for MOAP. 

Step-3: Apply non-dominated sorting with crowded comparison operator on 
tP  

Step-4: Apply genetic operators like crossover and mutation on 
tP  to get offspring population 

tQ  

Step-5: Combine population 
t t tR P Q   

Step-6: Apply non-dominated sorting with crowded comparison operator on 
tR  

Step-7: Display the results. 

If obtained solutions are efficient then stop the process otherwise repeat the step 3 to 7. 

 

NSGA-III 

The selection process of NSGA-III differs somewhat from that of NSGA-II. For many objective problems, selection mechanism 

of the NSGA-II is the crowding distance measure which performs poorly. As a result, the selection mechanism in NSGA-III is 

improved by adopting a more methodical approach to choosing the set of reference points to be utilized in each generation. To 

guarantee variety in the resulting solutions, NSGA-III makes use of a predetermined set of reference points. Nevertheless, the 

selected reference points can either be provided preferentially by the user or specified in a systematic manner [16]. 

The steps of Aspiration levelbased-NSGA-III 

Step-1: Initialize with crossover probability, mutation probability, number of iterations, population size. 

Step-2: Generate the reference points. 

Step-3:Generate the initial population 
tP for MOAP. 

Step-4: Apply non-dominated sorting with crowded comparison operator on 
tP  

Step-5: Apply genetic operators like crossover and mutation on 
tP  to get offspring population 

tQ  

Step-6: Combine population 
t t tR P Q   

Step-7: Apply non-dominated sorting with crowded comparison operator on 
tR  

Step-8: Normalize the 
tR  and associate the 

tR  with reference point. 

Step-9: Apply the Niche Preservation. 

Step-10: Display the results. 

If obtained solutions are efficient then stop the process otherwise repeat the step 4 to 10. 

If DM approved the achieved solution sets then terminate the solution procedure otherwise change the SPs, ALs and reiterate the 

step-1 to 5 till an agreeable ES sets are achieved. 

 

V. MULTI-OBJECTIVE ASSIGNMENT PROBLEM AND ITS SOLUTIONS: 

The three objective assignment problem has been referred from the article of V. Yadiah. [16] which is given as follows: 

1 11 12 13 14 21 22 23 24 31 32 33 34 41 42 43 44

2 11 12 13 14 21 22 23 24 31 32 33 34 41 42 43 44

3 11 12 13 14

min 9 7 4 6 12 5 5 8 9 9 9 11 2 7 11 8

min 2 1 8 2 9 9 1 8 8 9 5 6 1 5 4 9

min 1 1 1 5 7

Z x x x x x x x x x x x x x x x x

Z x x x x x x x x x x x x x x x x

Z x x x x

               

               

     21 22 23 24 31 32 33 34 41 42 43 445 5 9 1 7 5 7 1 3 5 3x x x x x x x x x x x x          
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Subject to the constraints: 
4
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4

1

1 , j 1, 2,3, 4

1 ,i 1, 2,3, 4

ij

i

ij

j

x

x





 

 




 

th th

th th

1 if i person is assigned j job

0 if i person is not assigned j job
ijx


 


 
Where cost unit is defined in thousands, time unit is defined in weeks and quality levels are defined as 1, 3, 5, 7 and 9. 

To determine set of efficient solutions of MOAP using  AL based NSGA-II, some following aspects of parameters for the given 

problem are summarized as follows: number of populations: 100, number of iterations: 100, 
mP :0.5, cP : 0.5, number of 

division=5 and for NSGA-III, some aspects of parameters are: number of populations: 100, number of iterations: 100, 
mP :0.5, 

cP : 

0.5 number of division=5.  

After forming the MOAP, PIS and NIS for ; 1,2,3iZ i  are shown in table-5.1 which are useful to construct the EMF 

; 1,2,3i i  for each objective.  

Table-5.1: The PIS and NIS of each objective function 

Objective Cost Time  Quality 

PIS 22 9 10 

NIS 41 35 24 

The set of efficient solutions by Aspiration levelbased NSGA-II and NSGA-III  and HGA are reported in tables-5.2, 5.3, 5.4, 5.5 

and 5.6 for different estimates of SP which indicated by the DM.  

Table-2: Optimal assignment plans-1 

AL:    
1 2 3
( ), ( ), ( ) 0.9,0.85,0.8Z Z Zx x x    , 

SP:    1 2 3, , 5, 5, 5K K K      

Result obtained  using Aspiration level based NSGA-II 

1Z  
2Z  

3Z  Allocations 

22 13 18 14 23 32 41 1x x x x     

22 17 16 14 22 33 41 1x x x x     

22 24 14 14 22 31 43 1x x x x     

25 9 14 12 23 34 41 1x x x x     

29 19 10 12 23 31 44 1x x x x     

 

Result obtained  using Aspiration level based NSGA-III
 

22 13 18 14 23 32 41 1x x x x     

22 17 16 14 22 33 41 1x x x x     

22 24 14 14 22 31 43 1x x x x     

25 9 14 12 23 34 41 1x x x x     

    

Result obtained  using GA
 

25 9 14 12 23 34 41 1x x x x     

 

Table-5.3: Optimal assignment plans-2 

AL:    
1 2 3
( ), ( ), ( ) 0.65,0.7,0.75Z Z Zx x x    , 

SP:    1 2 3, , 3, 1, 2K K K      

Result obtained  using Aspiration level based NSGA-II 

1Z  
2Z  

3Z  Allocations 

22 13 18 14 23 32 41 1x x x x     

22 17 16 14 22 33 41 1x x x x     

25 9 14 12 23 34 41 1x x x x     

29 19 10 12 23 31 44 1x x x x     

 

Result obtained  using Aspiration level based NSGA-III
 

22 13 18 14 23 32 41 1x x x x     

22 17 16 14 22 33 41 1x x x x     

http://www.jetir.org/


 © 2024 JETIR September 2024, Volume 11, Issue 9                                                 www.jetir.org (ISSN-2349-5162) 

 

JETIR2409184 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org b690 
 

25 9 14 12 23 34 41 1x x x x     

    

Result obtained  using GA
 

25 9 14 12 23 34 41 1x x x x     

 

Table-5.4: Optimal assignment plans-3 

AL:    
1 2 3
( ), ( ), ( ) 0.7,0.9,0.8Z Z Zx x x    , 

SP:    1 2 3, , 2, 1, 3K K K      

Result obtained  using Aspiration level based NSGA-II 

1Z  
2Z  

3Z  Allocations 

22 13 18 14 23 32 41 1x x x x     

25 9 14 12 23 34 41 1x x x x     

 

Result obtained  using Aspiration level based NSGA-III
 

22 13 18 14 23 32 41 1x x x x     

25 9 14 12 23 34 41 1x x x x     

    

Result obtained  using GA
 

25 9 14 12 23 34 41 1x x x x     

 

Table-5.5: Optimal assignment plans-4 

AL:    
1 2 3
( ), ( ), ( ) 0.9,0.75,0.85Z Z Zx x x    , 

SP:    1 2 3, , 1, 2, 3K K K      

Result obtained  using Aspiration level based NSGA-II 

1Z  
2Z  

3Z  Allocations 

22 13 18 14 23 32 41 1x x x x     

22 17 16 14 22 33 41 1x x x x     

25 9 14 12 23 34 41 1x x x x     

 

Result obtained  using Aspiration level based NSGA-III
 

22 13 18 14 23 32 41 1x x x x     

22 17 16 14 22 33 41 1x x x x     

25 9 14 12 23 34 41 1x x x x     

 

Result obtained  using GA
 

25 9 14 12 23 34 41 1x x x x     

 

Table-5.6: Optimal assignment plans-5 

AL:    
1 2 3
( ), ( ), ( ) 0.7,0.6,0.55Z Z Zx x x    , 

SP:    1 2 3, , 1, 1, 1K K K      

Result obtained  using Aspiration level based NSGA-II 

1Z  
2Z  

3Z  Allocations 

22 13 18 14 23 32 41 1x x x x     

22 17 16 14 22 33 41 1x x x x     

25 9 14 12 23 34 41 1x x x x     

29 19 10 12 23 31 44 1x x x x     

 

Result obtained  using Aspiration level based NSGA-III
 

22 13 18 14 23 32 41 1x x x x     

22 17 16 14 22 33 41 1x x x x     

25 9 14 12 23 34 41 1x x x x     

 

Result obtained  using GA
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25 9 14 12 23 34 41 1x x x x     

 

Table-5.2 shows that AL based NSGA-II gives Pareto optimal sets of 5 solutions while AL based NSGA-III gives Pareto optimal 

sets of 4 solutions for (0.9, 0.85, 0. 8) ALS and (-5, -5, -5) SPs. Similar Tables-5.3, 5.4, 5.6 and 5.7 show the Pareto optimal sets 

of MOAP's solution for different estimates of ALS and different values of SPs using Aspiration Level based NSGA-II and 

NSGA-III. In solving the above problem. NSGA II also provides more options for the DM to choose a solution that represents 

their aspiration level. The DM may choose any Pareto-optimal solution that satisfies their requirements since all of the 

alternatives from the Pareto optimum set which are equally important and non-dominated. 

VI. COMPARISON 

Table-6.1 compares the results obtained from using linear membership function, HGA, Aspiration Level-based NSGA-II, and 

NSGA-III for MOAP. Table-6.1 represents that HGA provides a unique solution while AL based NSGA-II and NSGA-III provide 

Pareto fronts with different ALs and SPs for MOAP and which satisfies DM’s AL. from table-6.1 it can be seen that using linear 

membership function provide single solution.  

Table-6.1: Comparison of different approaches of MOAP 

Case 

No. 

Linear 

membership 

function 

Aspiration 

level 

Shape parameter HGA Aspiration 

Level based 

NSGA-II 

Aspiration 

Level based 

NSGA-III 

1 (25, 9, 14) (-5, -5, -5) (0.8, 0.7, 0.9) (25, 9, 14) (22, 13, 18), 

(22, 17, 16), 

(22, 24, 14), 

(25, 9, 14), (29, 

19, 10) 

(22, 13, 18), 

(22, 17, 16), 

(22, 24, 14), 

(25, 9, 14) 

2 (-3, -1, -2) (0.65, 0.7, 0.75) (25, 9, 14) (22, 13, 18), 

(22, 17, 16), 

(25, 9, 14), (29, 

19, 10) 

(22, 13, 18), 

(22, 17, 16), 

(25, 9, 14) 

3 (-2, -1, -3) (0.7, 0.9, 0.8) (25, 9, 14) (22, 13, 18), 

(25, 9, 14) 

(22, 13, 18), 

(25, 9, 14) 

4 (-1, -2, -3) (0.9, 0.75, 0.85) (25, 9, 14) (22, 13, 18), 

(22, 17, 16), 

(25, 9, 14) 

(22, 13, 18), 

(22, 17, 16), 

(25, 9, 14) 

5 (1, -1, 1) (0.7, 0.6, 0.55) (25, 9, 14) (22, 13, 18), 

(22, 17, 16), 

(25, 9, 14), (29, 

19, 10) 

(22, 13, 18), 

(22, 17, 16), 

(25, 9, 14) 

 

VII. CONCLUSION: 

This paper provides a Pareto optimal sets for MOAP using Aspiration Level based NSGA-II and NSGA-III with different estimates 

of aspiration levels and different shape parameters. In a single simulation run, both Aspiration Level based NSGA II and NSGA III 
offer various solutions, and also NSGA II does so in less iteration than NSGA III and offers more Pareto optimal set overall. 
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