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Abstract 
 

Multi-objective optimization problems of chemical industry have been efficiently solved by evolutionary algorithms 
(EAs). However, due to high computational costs, different concepts are introduced in evolutionary framework for the 
improvement of convergence speed. One such concept is ‘jumping genes’ which has been adapted in binary-coded genet-
ic algorithm and found to be improving the performance of the algorithm significantly. However, its adaptation in real-
coded form lacked the similar success. In an attempt to fill this gap, a new jumping genes operator has been recently de-
veloped for real-coded elitist non-dominated sorting genetic algorithm (RNSGA-II), namely, simulated binary jumping 
genes (SBJG). This work aims at exploring the utility of SBJG for solving real-life industrial optimization problems using 
a case study of multi-objective optimization (MOO) of an industrial phthalic anhydride (PA) catalytic reactor. The results 
obtained are found to be converging faster than RNSGA-II and its other existing jumping genes adaptations for both two- 
and three-objective formulations. 
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1. INTRODUCTION 

Real-life optimization problems often involve 
multiple objectives, complex process models and 
several variables. Since last two decades, EAs and 
particularly genetic algorithm (GA) (Holland, 1975) 
has been used efficiently to solve these problems. 
GA is inspired from Darwinian principle of evolu-
tion of species. Originally, it is a binary-coded algo-
rithm which requires the coding of problem varia-
bles in binary (0 or 1) form (i.e. each variable repre-
sents a set of binaries and corresponding binaries of 
all variables are arranged one after another in 
a string to constitute a chromosome) since these 
symbolize the actual genes closely and facilitate 
mimicking of genetic operators while their real val-

ues are required to evaluate the fitness of chromo-
somes. Thus, binaries are decoded to the real values, 
repeatedly. Additionally, this approach has few more 
limitations (especially, for the optimization prob-
lems with continuous variables) such as lack of ab-
solute precision in the solutions obtained, fixed 
mapping of the problem variables, presence of 
Hamming cliff, etc. These limitations often make it 
difficult to achieve the convergence and lead to in-
crease in time and cost of computation. Since real-
life optimization problems often involve continuous 
variables, real-coded algorithms are better suited for 
these. RNSGA-II is one such popular real-coded 
algorithm which is a modification of original binary-
coded NSGA-II (Deb et al., 2002). It simulates the 
effect of binary crossover and mutation in real-coded 
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framework using simulated binary crossover (SBX) 
(Deb & Agrawal, 1995) and polynomial mutation 
(PM) (Deb & Agrawal, 1999). Further, these prob-
lems involve complex model equations and solving 
these requires inordinately large computational ef-
forts. In RNSGA-II, these model equations are 
solved repeatedly for a fixed number of times  
(= population size × number of generation). Since 
computational resources are restricted, these prob-
lems are often attempted for a limited number of 
generations and population size. Thus, one has to 
rely on prematurely converged solutions and their 
quality depends on the convergence speed of the 
algorithm. Any improvement in convergence speed 
is thus highly recommended.  

Recently, a new operator, SBJG (Ramteke et al., 
2014), is developed to further improve the conver-
gence speed of RNSGA-II. This operator simulates 
the concept of jumping genes (JG) (McClintock, 
1987) from natural genetics and has been successful-
ly applied to several benchmark problems (Ramteke 
et al., 2014). However, its potential for complex 
industrial problems is yet to be explored. In this 
study, two such complex MOO problems related to 
an important process of chemical industry i.e., 
phthalic anhydride catalytic reactor are solved using 
RNSGA-II-SBJG. The results obtained using 
RNSGA-II-SBJG are compared with that obtained 
using RNSGA and its other existing JG adaptations 
and are found to be quite promising with a consider-
able improvement in convergence speed.  

2.  SIMULATED BINARY JUMPING GENES 
(SBJG) 

Kasat and Gupta (2003) introduced the concept 
of JG (or transposons) from natural genetics in the 
framework of binary-coded NSGA-II (NSGA-II-
JG). Subsequently, several other researchers (Sanka-
rarao & Gupta, 2006; Bhat et al., 2006; Bhat, 2007; 
Ripon et al., 2007) proposed various JG adaptations 
of binary- and real-coded NSGA-II. In NSGA-II-JG, 
binary chromosomal strings, present in the offspring 
population, are selected randomly with a jumping 
gene probability, PJG. The jumping gene sites on 
these chromosomal strings are then randomly identi-
fied. For this, a random number between 0 and 1 is 
generated and multiplied by lchr (length of chromo-
somal string); the result rounded-off to an integer 
represents one jumping gene site. Similarly, the oth-
er site is identified and binaries between these sites 
are replaced by randomly generated new ones. This 
procedure involves a macro – macro mutation, and 

helps in increasing the genetic diversity. A drawback 
of this adaptation is that several variables get per-
turbed simultaneously, if the length of jumping gene 
is too large, compromising the fitness of the chro-
mosome. To improve upon this, Bhat et al. (2006) 
and Bhat (2007) proposed another adaptation 
(NSGA-II-aJG) with fixed length jumping genes. In 
this, one jumping gene site is identified randomly 
whereas the other is selected fJG (a predefined con-
stant) binaries later in the same chromosome. This 
often restricts the perturbation up to maximum two 
variables. A similar JG adaptation (say RJG1) in 
real-coded framework for multi-objective simulated 
annealing (MOSA) has been proposed by Sanka-
rarao and Gupta (2006). Here, real-coded variables 
instead of binaries are replaced by randomly gener-
ated new ones following the similar procedure as in 
NSGA-II-JG and NSGA-II-aJG. This complete per-
turbation of variables often results in the loss of 
original information contained in variables and sub-
sequently to their inferior fitness values. In another 
real-coded adaptation (Ripon et al., 2007) (say 
RJG2), variables are re-operated using existing op-
erators, SBX and PM, with a probability PJG. Thus, 
no new operation is added in this adaptation and 
existing operators are used for simulating the effect 
of jumping genes. 

SBJG is an attempt towards improving the 
drawbacks of above given real-coded JG adapta-
tions. It simulates the binary-coded JG operation for 
its implementation in RNSGA-II. In SBJG opera-

tion, a variable jV  [ ]( )1,j n∈  of a real-coded chro-

mosome (i.e. the array of n problem variables (V)), 
selected randomly with a probability PJG, is per-
turbed with following mathematical formulation: 

 ( )High Low
j j j j jV V V V α= + −   (1)

 

where, α is a distribution function given by: 
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  (2)

 

where, Rj is a random number and JGη (jumping 

gene index) is a integer random number (IR) be-
tween two jumping gene sites jg1 and jg2: 

 
( ) 1 2[ , ]JG j
IR jg jgη = ∈   (3)

 

The efficacy of SBJG in simulating the effect of 
binary JG operation is analyzed by Ramteke et al. 
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(2014) through a qualitative analysis. In this analy-
sis, the distribution of variable perturbation is calcu-
lated for a large number of random instances. The 
pattern of distribution of local perturbation obtained 
using SBJG resembles to that of binary JG operation 
whereas the same using RJG1 (i.e. large perturba-
tion) differs completely from that of binary JG oper-
ation. As RJG2 utilizes SBX and PM operators, the 
functioning of SBJG is also compared with that of 
SBX and PM by calculating the distribution func-
tions of these operators (i.e., α, β and δ respectively) 
for a large number of random instances. It is found 
that values of α corresponding to same random 
numbers are distributed for different instances 
whereas the values of β and δ remain fixed. This 
uniqueness of SBJG is attributed to variable nature 
of JGη which differs from fixed indices of SBX and 

PM. Thus, SBJG maintains higher genetic diversity 
while remaining in the local range of variable per-
turbation which is similar to binary JG operation. 

3.  PROBLEM FORMULATION 

Phthalic anhydride (PA) is commonly used as 
a raw material in the manufacture of various poly-
mers (i.e. polyester, plastics from vinyl chloride), 
insecticides, pesticides, dyes, etc. It is produced by 
gas-phase catalytic oxidation of o-xylene in a multi-
tubular reactor with V2O5 and TiO2 catalyst packed 
in many zones in each tube. The processed gas com-
ing out of the reactor is treated in a pair of ‘switch 
condensers’ used alternately where the gas is cooled 
to separate the condensed PA. The treated gas is 
then scrubbed with water, or incinerated catalytically 
or thermally. Bhat and Gupta (2008) developed 
a mathematical model of this operation using a reac-
tion network suggested by Skrzypek et al. (1985) 
(see figure 1a). They have assumed that the reactions 
take place in a reactor having several identical tubes 
with each tube comprising nine zones of catalyst and 
eight intermediate zones of inert packing (see figure 
1b). Each of these inert packing zones acts as a cool-
ing region for the high temperature processed gas 
coming from the previous catalyst zone. The coolant 
is continuously circulated in the outer side of the 
tubes to maintain the temperature within the ac-
ceptable limits. This model consists of nonlinear 
algebraic equations for steady state mass and energy 
balance between the bulk gas and the external sur-
face of the impervious solid catalyst and differential 
equations for the steady state balance of the bulk gas 
phase over the length of a single tube. The nonlinear 

algebraic equations are solved using Powell’s hybrid 
algorithm (DNEQNF program) whereas the differen-
tial equations are solved using Gear’s algorithm 
(code DIVPAG) from IMSL library, simultaneously. 
The complete details of model such as model equa-
tions, rate expressions, adsorption and kinetic pa-
rameters are reported in Bhat and Gupta (2008).  

 
a) 

 
b) 

 

 

Fig. 1. Reaction network for the production of PA (Skrzypek et 
al., 1985) (a) and PA reactor with 9 zones of catalyst (Bhat & 
Gupta, 2008) (b). 

Bhat and Gupta (2008) formulated a two-
objective optimization problem involving maximiza-
tion of the yield of PA which increases the produc-
tivity and minimization of the cumulative length of 
the catalyst beds which decreases the loading of 
expensive catalyst. The problem formulation in-
volves 9 catalyst zones and 20 decision variables. 
The details are given as follows: 

 
3.1.  Problem 1 

 
Objectives: 

22

1 1 2 3max ( ) 1 1
1.2 3.6

catPA
PA

LX
I u X w w w

  = + − + − +     
  (4) 
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22

2 1 2 3

1
max ( ) 1 1

1 1.2 3.6
catPA

cat

LX
I u w w w

L

    = + − + − +    +     
  (5) 

where, minimization of catL  is converted (Deb, 

2001)  to maximization problem as 
1

1 catL

 
 + 

 

 

   
(6)

 

Constraints: 

 
o

max 510 CT ≤  (7) 

 0.01 miL ≥  (8) 

Total length of the reactor tube,  

 3.5 mtubeL =  (9) 

 

8 8

9
1 1

3.5 i i
i i

L L Z
= =

 = − − 
 

    (10)
 

Bounds: 

 
365 85 g OX/(m air at NTP)inc≤ ≤   (11) 

 
o o

,147 C 287 CF inT≤ ≤
 (12) 

 
o o

,337 C 447 Cc inT≤ ≤
 (13) 

 
•

0.001 0.005 (kg coolant)/sm≤ ≤   (14) 

 0.2 0.45 m;  1,  2,...,  7iZ i≤ ≤ =  (15) 

 80.1 0.45 mZ≤ ≤   (16) 

 0.05 0.9 miL≤ ≤   (17) 

 0.01 0.2 m;  2,3,...,8iL i≤ ≤ =  (18) 

Here, XPA and Lcat are the yield of PA (i.e. mass 
of PA produced / mass OX consumed) and cumula-
tive length of catalyst beds. The decision variables 
cin, TF,in, Tc,in, m , Zi and Li represent concentration 
of OX in feed, inlet temperature of feed, inlet tem-
perature of coolant, mass flow rate of coolant, length 
of ith inert zone and length of ith catalyst zone, re-
spectively. In equations (4) and (5), the values of XPA 
= 1.2 and Lcat = 3.6 m in the bracketed penalty func-
tions are guessed to keep these variables in the range 
of real or expected values. The optimal values of L1 

– L8 and Z1 – Z8 are chosen by the optimization algo-
rithm whereas L9 is calculated directly using length 
balance (see equations (9) – (10)). Equations (7) – 
(10) represent the constraints on temperature of gas 
and length of catalyst beds while equations (11) – 
(18) represent the bounds of the decision variables. 
The weighting functions for bracketed penalty terms 
used in equations (4) and (5) are given as: 

 1 1If 1.1, 500; else 0PAX w w≤ = − =   (19) 

 9 2 2If  0 m, 3000; else 0L w w≤ = − =   (20) 

In addition to this, hard penalties, 3w , are im-

posed in equations (4) and (5) for violation of con-
straint on maximum allowable temperature of gas 
given in equation (7). Depending on the location of 
catalyst bed where the constraint is violated different 
penalty weight is imposed as given below: 

 

  (21) 

Also, the hard penalties are imposed to maintain 
the length of each catalyst bed above a given limit of 
0.01 m (see equation (8)) as given below: 

3 3If 0.01 m;  1,  2,...,  9; 0; else 300iL i w w≥ = = =   
(22) 

The diameter of each reactor tube used is 25 
mm, mass flux G is 19.455 kg m-2 h-1 and diameter 
of catalyst particle used is 3 mm. More details can 
be obtained from Bhat and Gupta (2008). 

Another critical factor in the production of PA is 
the formation of COx. Excess formation of COx 
causes a severe decrease in the PA yield, reduces the 
catalyst life and increases the downstream pro-
cessing cost. Hence, the minimization of COx is also 
an important objective for the optimal operation of 
PA reactor. Considering this fact, a three-objective 
optimization problem (problem 2) is formulated for 
the first time in this study where the first two objec-
tives are same as problem 1 and the third objective is 
the minimization of mole fraction of COx in the pro-
cessed gas. 

 
3.2.  Problem 2  

 
Objectives: 

22

1 1 2 3max ( ) 1 1
1.2 3.6

catPA
PA

LX
I u X w w w

  = + − + − +       
  (23) 

 •

, , 1 2 8 1 2 8  [ , , , , , ,..., , , ,..., ]  T
in F in c inu c T T m Z Z Z L L L=

9

1

and cat i
i

L L
=

=

 o
maxIf  510 C in bed ;  1,  2,...,  9; T i i≤ =

3 30; else 3000 250( 1)w w i= = − + −



 INFORMATYKA W TECHNOLOGII MATERIAŁÓW 

 – 115 – 

C
O

M
P
U

TE
R
 M

E
T
H

O
D

S
 I
N

 M
A

T
E
R
IA

L
S
 S

C
IE

N
C

E
 

22

2 1 2 3

1
max ( ) 1 1

1 1.2 3.6
catPA

cat

LX
I u w w w

L

    = + − + − +    +     
  
 (24) 

22

3 1 2 3
x

1
max ( ) 1 1

1 CO 1.2 3.6
catPA LX

I u w w w
    = + − + − +    +     

  
 (25) 

where, minimization of COx is converted (Deb, 

2001) to maximization problem as 
x

1

1 CO

 
 + 

.  

The constraints are defined by equations (7) – 
(10), bounds: equations (11) – (18). All other details 
are same as in the problem 1. 

4.  RESULTS AND DISCUSSION 

The above explained MOO problems are solved 
using RNSGA-II-SBJG. The values of GA parame-
ters: population size (NP), crossover probability 
(Pcros), mutation probability (Pmut), jumping genes 
probability (PJG), crossover index (ηcros), mutation 
index (ηmut) and jumping genes index (ηJG) are taken 
(Ramteke et al., 2014) as 100, 0.9, 0.5/total decision 
variables, 20, 20 and IR ∈ [5, 20], respectively. The 
algorithms are executed on a desktop computer (In-
tel Xeon E3 – 1225 v3@3.20 GHz processor, 8 GB 
RAM and Windows 7 operating system).  

The Pareto optimal front for problem 1 obtained 
using RNSGA-II-SBJG for 200th generation is 
shown in figure 2a. The results are compared with 
that obtained using RNSGA-II, RNSGA-II-RJG1 

and RNSGA-II-RJG2. Figure 2a shows that the re-
sults obtained using RNSGA-II-SBJG are superior 
to that obtained using RNSGA-II, RNSGA-II-RJG1 
and RNSGA-II-RJG2. Also, the results with all JG 
adaptations are superior to that of RNSGA-II. This 
proves the usefulness of JG operation for real-life 
MOO problems. Among the JG adaptations, SBJG 
performs better than the other two adaptations. It is 
expected to perform better than RJG1 because it 
uses the distribution function for perturbing the vari-
ables instead of complete replacement used in the 
latter. The complete replacement in RJG1 causes the 
loss of useful improvement accumulated in the vari-
ables over the generations and in turn affects the 
results badly. Also, SBJG adaptation performs better 
than RJG2 since it adds a better perturbation process 
instead of repeating the existing operations of 
RNSGA-II. Also, the spread of Pareto optimal front 
for RNSGA-II-SBJG is better than that of other 
three algorithms. The range of Pareto optimal front,

( ) ( )max min
,PA catX L   , using RNSGA-II-SBJG is 

[1.171, 0.407] which is superior to [1.166, 0.543], 
[1.166, 0.512] and [1.169, 0.450] obtained using 
NSGA-II, RNSGA-II-RJG1 and RNSGA-II-RJG2,  
respectively. Further, a point A (1.168, 0.548) in 
figure 2a is identified on the Pareto optimal front 
obtained using RNSGA-II-SBJG beyond which the 
nature of the curve changes in such a way that mar-
ginal increase in yield has to be compromised with 

significant increase in catalyst loading. Such point 
can be selected as an operating point. However, 
more accurate selection requires the in hand experi-
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Fig. 2. Comparison of the optimal solutions of problem 1 obtained after 200 generations (a) and using RNSGA-II-RJG1 and RNSGA-II-
SBJG for same CPU time (39 hrs) (b). 
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ence and the knowledge of cost factors associated 
with individual objectives. 

The CPU time required for solving 200 genera-
tions using RNSGA-II, RNSGA-II-RJG1, RNSGA-
II-RJG2 and RNSGA-II-SBJG for problem 1 is 42, 
35, 40 and 39 hrs respectively. It shows that CPU 
time taken by RNSGA-II-SBJG is less than that of 
RNSGA-II and RNSGA-II-RJG2 and thus performs 
better in terms of CPU time in addition to conver-
gence as explained above.  However, it takes higher 
CPU time than RNSGA-II-RJG1. In order to com-
pare fairly, both RNSGA-II-SBJG and RNSGA-II-
RJG1 are executed for same CPU time of 39 hrs. 
Also for this case, the results of RNSGA-II-SBJG 
are found to be considerably better than that of 
RNSGA-II-RJG1 (see figure 2b). 

For problem 2, the Pareto optimal fronts using 
RNSGA-II, RNSGA-II-RJG1, RNSGA-II-RJG2 and 
RNSGA-II-SBJG are shown in figure 3a-d for 200th 
generation. Among all adaptations, the Pareto opti-
mal front of RNSGA-II-SBJG is the best in terms of 
PA yield and cumulative length of catalyst beds 
whereas it is comparable with that of RNSGA-II and 
RNSGA-II-RJG1 in terms of the mole fraction of 
COx. Also, some additional points are captured by 
RNSGA-II-SBJG at the lower end of the Pareto 

optimal front shown by an ellipse in figure 3d. This 
is primarily due to the fact that in most of the in-
stances, values of distribution function α for SBJG 
remain close to 0 maintaining the local perturbation. 
This local perturbation keeps the fitness of a per-
turbed solution under the acceptable limit.  Thus, 
SBJG in RNSGA-II provides an effective explora-
tion of search space unlike other JG adaptations. 
Further, the diversity of the solutions is maintained 
in all variants of RNSGA-II using the concept of 
crowding distance (Deb et al., 2002) in which the 
less crowded solutions in objective function space 
are assigned with higher fitness in the selection pro-
cess. 

For problem 2, the CPU time taken by  
RNSGA-II, RNSGA-II-RJG1, RNSGA-II-RJG2 and 

RNSGA-II-SBJG is 44, 36, 43 and 40 hrs, respec-
tively. Again, the CPU time taken by RNSGA-II-
SBJG is less than that of RNSGA-II and RNSGA-II-
RJG2 whereas it is higher than that of RNSGA-II-
RJG1. Thus, the results of RNSGA-II-SBJG are 
compared with that of RNSGA-II-RJG1 (see figure 
3e) for same CPU time of 40 hrs. The results of 
RNSGA-II-SBJG show better convergence com-
pared to that of RNSGA-II-RJG1 for same CPU 
time of 40 hrs. Thus, it can be inferred from the re-
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Fig. 3.  Comparison of the optimal solutions of problem 2 obtained after 200 generations using: RNSGA-II (a), RNSGA-II-RJG1 (b), 
RNSGA-II-RJG2 (c) and RNSGA-II-SBJG (d). The results of RNSGA-II-RJG1 for CPU time of 40 hrs (same as RNSGA-II-SBJG) (e). 
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sults of problems 1 and 2 that RNSGA-II-SBJG 
performs better than all other adaptations. 

5.  CONCLUSIONS 

Two MOO problems related to PA reactor are 
solved by incorporating a recently developed jump-
ing genes operator, SBJG, in RNSGA-II. The results 
are found to be better than RNSGA-II and its two JG 
adaptations i.e., RNSGA-II-RJG1 and RNSGA-II- 
RJG2. This indicates that SBJG operator could 
prove quite useful for solving other computationally 
intense MOO problems similar to those solved in 
this study.  Moreover, the use of SBJG operator is 
not limited to RNSGA-II and it can be incorporated 
in other real-coded algorithms such as simulated 
annealing, particle swarm algorithm, etc. This could 
be a subject of future studies. 
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WIELOKRYTERIALNA OPTYMALIZACJA 
REAKTORA BEZWODNIKA FTALOWEGO 

KATALITYCZNEGO Z WYKORZYSTANIEM 
ALGORYTMU GENETYCZNEGO Z OPERATOREM 

PRZESUNIĘCIA GENÓW 

Streszczenie 
 
Wielokryterialna optymalizacja problemów przemysłu che-

micznego rozwiązywana jest z powodzeniem z wykorzystaniem 
algorytmów ewolucyjnych (EAs). Jednak w związku z długimi 
czasami obliczeń, dotychczasowe algorytmy są modyfikowane dla 
poprawy szybkości zbieżności. Jedną z możliwości jest idea 
„przesuwania genów”, zaadoptowana dla algorytmu genetycznego 
z kodowaniem binarnym, która znacząco poprawiła działanie 
algorytmu. Jednakże wprowadzenie tej modyfikacji do algorytmu 
z kodowaniem zmiennoprzecinkowym nie przyniosło spodziewa-
nych efektów. Rozwiązaniem tego problemu było wprowadzenie 
nowego operatora przesunięcia genów do algorytmu RNSGA-II, 
a mianowicie symulowanego binarnego przesunięcia genów 
(SBJG). Celem pracy była ocena możliwości zastosowania algo-
rytmu SBJG do rozwiązywania rzeczywistych problemów prze-
mysłowych na przykładzie wielokryterialnej optymalizacji 
(MOO) reaktora bezwodnika ftalowego katalitycznego. Otrzyma-
ne wyniki pokazały lepszą zbieżność zastosowanego algorytmu 
w porównaniu z metodą RNSGA-II i innymi dotychczasowymi 
adaptacjami operatora przesunięcia genów zarówno dla dwu- jak 
i trój-kryterialnego sformułowania problemu. 
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