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This study presents a multi -objecti ve opti mizati on 
approach for decision making in fresh-cut vegetable 
processing, opti mizing processing ti mes and costs 
through the selecti on of alternati ve processes at 
various stages of the producti on.  Despite the limited 
att enti on given to the fresh-cut vegetable industry, 
parti cularly in applying multi -objecti ve opti mizati on 
methods to support processing decisions, this study 
addresses the research need. The stages of fresh-
cut vegetable processing, including peeling, cutti  ng, 
washing, and packing, off er multi ple alternati ve 
methods with varying costs and processing ti mes. 
The problem is formulated as an integer bi-objecti ve 
combinatorial opti mizati on model aimed at opti mizing 
total processing ti me and cost. Two algorithms, the 
discrete non-dominati ng sorti ng geneti c algorithm-
II (NSGA II) and the discrete non- dominated 
sorti ng parti cle swarm algorithm (NPSO), were 
applied to explore their complementary algorithmic 

performance. The local search behaviour of NSGA-
II was enhanced through several innovati ve local 
search operators including crossover, and mutati on 
operators, while various positi on and velocity 
update operators were used in NPSO. Both primary 
and secondary data were uti lised in esti mati ng the 
process parameters of each alternati ve processing 
methods. The results showed that NPSO exhibited 

more robust convergence, while NSGA-II produced a 
greater number of soluti ons in the Pareto front.

Keywords: Evoluti onary meta-heuristi cs techniques; 
multi -objecti ve opti mizati on; NSGA-II; Parti cle swarm 
opti mizati on; Process selecti on decision  

Introducti on 

Modern lifestyle changes necessitate the availability 
of food that is convenient, safe, nutriti ous, and of 
high quality. The fresh-cut vegetable processing 
industry is one of the perfect food technological 
soluti ons to cater for the needs of hecti c lifestyles. 
The former Internati onal Fresh-Cut Produce 
Associati on defi ned fresh-cut produce as trimmed, 
peeled, washed, and cut into 100% usable product 
that is subsequently bagged or pre-packaged to off er 
consumers high nutriti on, convenience, and value 
while sti ll maintaining freshness (Barrett , 2010).

Fresh-cut vegetable consumpti on has been on the 
rise due to its ease of use, versati lity and health 
characteristi cs (Gil et al., 2008). Although this 
increasing demand is encouraging for the industries, 
it brings challenges related to maintaining product 
quality and responding fast enough yet cost-
eff ecti vely. Meeti ng these objecti ves requires effi  cient 
decision support systems that are embedded with 
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the complicated opti mizati on trade-off s associated 
with how manufacturing-related decisions should be 
processed. 

Manufacturing process selecti on decisions play an 
important role in several industries where a certain 
process can be done through multi ple alternati ve 
ways. In the literature, the choice of manufacturing 
processes has been identi fi ed as a diffi  cult multi -
criteria decision-making problem with technical, 
technological, economic and environmental criteria 
(Lukic et al., 2017). One of the common problems 
addressed in the literature is the parameter 
selecti on of tools. For instance, choosing the best 
cutti  ng parameters for machining processes such 
as feed rate, depth of cut, and cutti  ng speed is 
essenti al to improving surface smoothness and tool 
life while reducing machining ti me and expenses 
(Gopalakrishnan, 1990). Guptaa et al.(2011) has 
studied tool and machine selecti on to minimize the 
cost, especially in terms of turning and cylindrical 
grinding operati ons. Zaman et al.(2018) paid att enti on 
to select opti mal material-machine combinati ons 
for additi ve manufacturing to enhance machining 
effi  ciency and product quality. 

A number of techniques have been used in the 
literature to support process selecti on decisions 
(Parkan & Ming-Lu Wu, 1998; Lukic et al., 2017) 
. Mainly, these techniques fall into two clusters, 
multi -criteria decision-making and multi -objecti ve 
opti mizati on. Zaman et al.(2018) used the Analyti cal 
Hierarchy Process and Ashby’s charts to select 
opti mal material-machine combinati ons for 
additi ve manufacturing. Chen (1999) developed 
an integer programming model to minimize 
overall manufacturing process costs and machine 
acquisiti on/installati on costs over multi ple periods 
solving an equipment selecti on problem. 

In recent years, many advances have been achieved 
in the domain of evoluti onary algorithms to solve 
multi -objecti ve opti mizati on problems arising from 
various fi elds (Deb, 2011). Discrete non-dominati ng 
sorti ng geneti c algorithm-II (NSGA-II) and discrete 

non- dominated sorti ng parti cle swarm opti misati on 
(NPSO) are widely used techniques for diff erent 
applicati ons to discover Pareto-opti mal soluti ons in 
terms of best trade-off s among confl icti ng objecti ves. 
Nevertheless, although they have succeeded in 
other applicati ons, their use in fresh-cut vegetable 
processing has remained largely unexplored.

The study aims to bridge this gap by applying NSGA-II, 
and NPSO to support fresh-cut vegetable processing 
decisions providing support to select processes 
best suited for a parti cular applicati on including 
what combinati on of processing techniques might 
be opti mal with respect to operati onal goals and 
consumer demands.

Materials and Methods 

Problem Formulati on

The manufacturing process planning problem 
considered in this study focuses on process selecti on 
decisions of the fresh-cut vegetable processing 
industry, aiming to minimize both processing ti me 
and cost. Consider a single unit of a vegetable that 
is produced through a sequence of processes. The 
stages of the process indicated by S where S = {1, 2, 3, 
…, s}, having M alternati ve type of methods at each 
stage where M = {1,2,3, …,m). At each process stage, 
each method has a cost of Cm and a ti me of Tm. To 
generate manufacturing process plan, one method is 
selected from the each stage.

The decision variables for the problem are:
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The general mathemati cal model is as follows:

(1)

(2)

Constraint:

(3)

The overall objecti ve is to minimise both processing 
cost and ti me. Equati ons (1) and (2) represent two 
objecti ves respecti vely: the total processing cost and 
the total processing ti me of all stages. Equati on (3) 
represents the constraint of selecti ng one method 
from each stage.

The Proposed Soluti on

The multi -objecti ve combinatorial opti mizati on 
model was solved using both the NSGA-II and NPSO. 
The applicati on of both algorithms is presented 
below.

NSGA-II Algorithm

As illustrated in Figure 1, NSGA-II requires the 
generati on of an initi al populati on, Pt of size N, a 
new populati on Qt, and the combinati on of the 
populati ons to obtain a new populati on Rt. The 
non-dominated sorti ng will rank the members into 
diff erent fronts. The members are promoted to the 
next generati on if the size of the fi rst front is less than 
N as shown in Figure 1. This informati on is used to 
construct the next generati on, Pt+1. Unless stopping 
criteria are met, this process conti nues.

NPSO Algorithm 

The NPSO improves on the basics of parti cle swarm 
opti misati on (PSO) by uti lizing parti cles’ off spring 
and personal bests, returning more useful non-
dominati ng comparisons. Pareto search, positi on 

update, velocity update, and non-dominated sorti ng 
principles lead to a non-dominated sorti ng PSO-
based philosophy. 

As presented in Figure 2, the NPSO procedure 
involves generati ng an initi al populati on Pt of size N. 
The non-dominated sorti ng procedure is performed 
to identi fy the global best parti cle and stored global 
best parti cle. The parti cles are then iterati vely 
updated with their locati ons and velociti es. The 
archived soluti ons are mixed with these sets of non-
dominated soluti ons. Finding the archive survival 
members involves non-dominated sorti ng of the 
archive. Archives are updated during this procedure. 
Every member of the merged set that is dominated is 
eliminated during this process. Iterati ng through this 
method leads the non-dominated search process to 
provide a soluti on front that is in close proximity to 
the Pareto region. The soluti on set kept in the archive 
consti tutes the outcome aft er the terminati on 
requirement is fulfi lled.

                                                                                                      

Step 1: Initi alize the initi al populati on and calculate 
the fi tness functi on for all individual in initi al 
populati on
Step 2: Perform non-dominated sorti ng on Pt to 
classify individuals into diff erent fronts Fi, and 
calculate the crowding distance for all individuals 
in each front.
Step3: Combine parent and off spring populati ons: 
Perform a non-dominated sorti ng to combine 
populati on, and identi fy pareto fronts Fi:  i =1,2,..., 
etc.
Step 4: Repeat steps 2 and 3 unti l the maximum 
number of generati ons is reached.

Figure 1: NSGA-II Procedure

Step 1: Generate the swarm and velocity
Step 2: Evaluate the all parti cles and perform non-
dominated sorti ng to identi fy global best 
Step 3: Iterati ve Process (repeat unti l t_max=100): 
Update positi ons, increment iterati on counter 
(t=t+1), evaluate parti cles, perform non-
dominated sorti ng to update  , update archive, and 
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Figure 2: NPSO Procedure

Results and Discussion 

Process selecti on decisions related to the fresh-cut 
vegetable industry were considered in this study. 
The producti on process consists of four stages 
namely, peeling, disinfecti ng, cutti  ng and packing. 
The data related to the producti on process in given 
Table 1, Table 2, Table 3 and Table 4. Alternati ve 
manufacturing processes were generated using 
both NSGA II and NPSO implementi ng them on 
the python platf orm. In NSGA-II the scale of the 
populati on (N) is set as 100 and the probability of 
mutati on is set as 0.2 and the cross-over is set as 
0.7. For the NPSO algorithm the parameter setti  ng is 
set as follows: size of populati on N is 100, the max 
of iterati on 50, accelerati on constants C1 =2, C2=2, 
C3=3; velocity coeffi  cients U1=0.3, U2=0.5, U3=0.6. 
The performance of each algorithm was evaluated 
based on the total cost and total ti me objecti ves. In 
terms of algorithmic performance, NSGA-II and NPSO 
take 1.25 seconds and 3.71 seconds for convergence 
respecti vely. The Inverted Generati onal Distance 
(IGD) values for NSGA-II and NPSO are 18.1213 and 
14.512, respecti vely. Figures 3 and 4 illustrate the 
Pareto fronts obtained from NSGA-II and NPSO. 
Each point on the Pareto front represents a non-
dominated soluti on, indicati ng an opti mal trade-off  
between processing ti me and cost. 

Figure 3: Final Pareto Front - NSGA-II                         

Figure 4: Final Pareto Front - NPSO

Table 1: Disinfectant Process Data            

Disinfectant 
Agent

Time 
(min) Cost (Rs.)

D1 15 0.14
D2 05 86.59
D3 15 29.84
D4 10 59.68
D5 10 1.25

Table 2: Cutti  ng Process Data                                         

Cutti  ng Type Time 
(min) Cost (Rs.)

C1 5 2
C2 7 3
C3 6 1
C4 9 2

Table 3: Peeling Process Data    

Peeling Type Time (min) Cost (Rs.)
P1 10 5
P2 12 4
P3 8 6

Table 4: Packing Process Data        

Packing
Type Time (min) Cost (Rs.)

PA1 2 1
PA2 3 2

 

 

 

 

update velociti es.
Step 4:  Repeat steps 2 and 3 unti l the maximum 
number of iterati ons is reached
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Conclusion

The manufacturing process selecti on is an important 
decision when alternati ve opti ons are available to 
manufacture products and when disti nct objecti ves 
exist.  This study considered a four-stage fresh-cut 
vegetable processing having alternati ve processing 
methods at each stage. Two prominent meta-
heuristi cs algorithms, NSGA-II and NPSO with disti nct 
local search techniques have been used in making 
process selecti on decisions. Both algorithms have 
complementary performance, NPSO demonstrated a 
more robust convergence performance than NSGA-II 
whereas the number of soluti ons are higher in NSGA-
II than NPSO.
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