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Abstract. The escalating complexity in the process control industry emanates the demand for novel and
advanced control techniques, which results in enhanced performance indices. A hybrid optimal control method
i.e., FOPID control using chaotic state of matter search with elite opposition-based learning for controlling
CSTR is proposed in this paper. Fractional order PID is a generalized form of PID Controller. It uses fractional
calculus, resulting in a more ﬂexible and better response accompanying rigorous adoption for substantially
closed-loop system stability. Hybridization of SMS with chaotic maps and elite oppositional-based learning
results in enhanced exploration capability along with randomization. In this paper, the results show that the
CSMSEOBL tuned FOPID controller provides superior and optimum performance when compared to other
metaheuristic algorithms.
Keywords. State of matter search algorithms; chaotic maps; elite opposition based learning; continuously
stirred tank reactor.

1. Introduction
A literature review of process control depicts that in contempt of many new advanced, adaptive, and optimal control
methodologies, the use of PID controllers has been stagnated, especially in the areas where reference tracking and
disturbance rejection are the major tasks. Some key features
which make PID popular are robust performance, self-explanatory, diversiﬁed application areas, simple implementation validation, and many more [1]. Although a simple
PID controller provides the least impenetrable, most productive, and effortless tuning of controller parameters for
the practical process. But with advantages, PID controllers
have limitations also like the less optimal solution for a
system loaded with non-linearity, time delay, high order
disturbances, noise, etc. These limitations lead to introducing new and advanced tuning methods like Fuzzy
Logic, Neural Network, Adaptive Control, Internal Model
Control, etc. which ameliorate the capability and performance of the traditional PID controller [2] along with
enhanced ﬂexibility of conventional PID controller.
FOPID as an alternative can be adopted with ﬁve
parameters to tune, whereas a conventional PID Controller
has only three parameters. Although it increases the complexity of parameter tuning to some extent at the same time,
resulting in comparatively ﬁne-tuning [3]. FOPID is an
advanced form of PID controller which is proposed by
*For correspondence

Podlubny [4] as PIkDl controller, where k and l are noninteger order of integral and differential term, respectively.
A literature review shows that FOPID gives better performance as compared to conventional PID Controller [5]. In
continuation of this, presently many metaheuristic algorithms are in great demand for control tuning parameters of
the PID controller [6]. The rising complexities in the
research area result in limiting the mathematical methods of
ﬁnding optimal solutions and this necessity results in the
investigation of metaheuristic optimization algorithms.
Major limitations with traditional methods of optimization
are time-consuming, tedious, less efﬁcient, and less accurate [7]. The imperative feature of the metaheuristic algorithm which makes it prominent among researchers is its
adaptability and versatility. It can adapt to the problem and
determine the optimal solution of different types of problems, whether it is related to mathematics, engineering,
process industry, etc. [8]. Other features of the metaheuristic algorithm which makes it popular are:
• Can be easily integrated with the already existing
implementation
• Wide applicability area
• Gradient information is not required.
• Decision-making is easy [9].
A complex problem can be solved in a reasonable time
and may give an acceptable solution by using metaheuristic
which is based on trial and error. The main objective is to
produce an attainable solution in a reasonable time frame.
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Whenever a metaheuristic is chosen for a problem, it never
guarantees the best solution and even, we are not known if
it will give the optimal solution or not. The main point of
selecting an algorithm is to give acceptable or accurate
solutions most of the time with minimum deviation.
Exploration (diversiﬁcation) and exploitation (intensiﬁcation) are two key components of any metaheuristic algorithm with exploration searches in undetected areas while
exploitation searches in other promising territories in the
sample space. Therefore, the success of an algorithm
depends on a good balance between exploration and
exploitation which leads to the assurance of convergence to
optimality [10].
Most of the chemical processes such as continuous stirred tank reactor (CSTR), biochemical reactor, and conical
tank systems persist dynamic and highly nonlinear behaviour as they consist of multiple process variables to be
manipulated. Many advanced controlling and optimization
methods are proposed to control such types of MIMO
(Multi-input Multi-output) systems. Extensive Literature
review shows that evolutionary techniques like PSO (Particle Swarm Optimization) [11, 12], IWO (Invasive Weed
Optimization) [13], FS (Stochastic Fractal Search) [14]
FFA (Fireﬂy Algorithm) [15], GWO (Grey Wolf Optimizer) [16], CSO (Cat Swarm Optimization) [17] TLBO
(Teacher-Learner based Optimization) [18, 19], SMS (State
of Matter Search) [20], CKH (Chaotic Krill Herd) [21],
RDO (Red Deer Optimization Algorithm) [22], SOA
(Sailﬁsh Optimization Algorithm) [23], and many more
have proved their superiority as compared to traditional
controllers like Z-N tuned PID, reﬁned Ziegler-Nichols rule
[24], intelligent controllers Fuzzy-PID [25], Neural-PID
[26], Model-based controllers MRAC (Model reference
adaptive control) [27] and Internal model control (IMC)
[28].
The proposed methodology is used for concentration and
temperature control of continuously stirred tank reactors
(CSTR). A vast literature is available for controlling
methodologies of CSTR but as it is highly nonlinear and its
complex dynamics properties make it a complex problem.
Therefore, it is a tedious task to control CSTR by the
conventional controller [29]. Nowadays optimization-based
control is preferred over the conventional or intelligent
controller and to achieve this a hybrid CSMSEOBL
methodology is proposed. It is a modiﬁed form of SMS
algorithm (state of matter search) in which, Chaotic Maps
and Elite opposition-based learning (EOBL) are embedded
with SMS to enhance the efﬁciency and efﬁcacy of the
SMS algorithm. The basic principle of the SMS algorithm
lies in the heart of the thermal energy motion system. The
whole algorithm is divided into three states of matter solid,
liquid, and gas and each state persist of a different diversiﬁcation-intensiﬁcation ratio. The algorithm starts with the
gas state and modifying the diversiﬁcation-intensiﬁcation
ratio and ends at a solid state [20]. The chaotic concept is
used for the systems which have high sensitivity towards
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the initial condition, and also it increases the randomness
because the range of random numbers is limited. The
chaotic theory has been used with many evolutionary
algorithms like PSO, Krill herd, BFO, etc. [21]. This concept of chaotic SMS algorithms is used to deﬁne some
random variables to stimulate the convergence of SMS.
Further, chaotic SMS is merged with elite oppositionalbased learning. The concept of OBL was introduced by
Tizhoosh in 2005 which increases the exploration capability of the existing algorithm by combining two main
properties of OBL which are a global search and good
convergence rate [2]. EOBL is the superior form of OBL
which gives better global search and a higher convergence
rate [30]. A fractional-order PID control of CSTR using a
hybrid metaheuristic algorithm CSMSEOBL is implemented on MATLAB and results obtained from this hybrid
algorithm prove the excellence of the proposed
methodology.
The rest of the paper is organized as follows. Section 2
describes a non-linear problem of CSTR, section 3 elaborates the FOPID Controller, the considered Metaheuristic
optimization techniques have been described in section 4.
Results and discussion are illustrated in section 5, and the
conclusions along with future scope are detailed in section
6.

2. Continuously stirred tank reactor (CSTR)
A Continuous Stirred Tank Reactor (CSTR) is one of the
most signiﬁcant unit tasks in the Chemical process industries. It shows a profoundly nonlinear nature and for the
most part, has wide working ranges. Chemical responses in
a reactor are either exothermic or endothermic and consequently necessitate that heat either be evacuated or added to
the reactor to keep up a steady temperature [31]. A jacket
encompassing the reactor additionally has fed and leaves
streams. The jacket is thought to be entirely blended and at
a lower temperature than the reactor, energy at that point
goes through the reactor walls into the jacket, to evacuate
the heat produced by the chemical reaction. Consider for
uniform volume, exact blending, and uniform values of the
parameter inside the reactor, the mass-energy balance
condition is given by
f 1 ðC A ; T Þ ¼


dCA F 
CAf  CA  r
¼
V
dt

dT
dt

F
¼
Tf  T þ
V

f 2 ðC A ; T Þ ¼

ð1Þ

!

DH
UA 
r
T  Tj
qCp
VqCp
ð2Þ

where CA stands for concentration, r stands for Arrhenius
expression for a chemical reaction is given by
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DE
r ¼ k0 exp
CA
RT

fractional calculus equations must be transferred into
algebraic equations. The Laplace transform of the equation
for Dn f ðtÞ can be expressed as

Figure 1 shows an irreversible and exothermic compound
response that happens inside the reactor where a solitary
coolant stream cools a consistent volume reactor [32].
The description of CSTR parameters is given in table 1
[33]. The main objective is to control the reactor temperature and concentration by controlling the cooling rate.

3. FOPID controller
The most common form of PID controller combines three
kinds of corrective measures to the error signal, which is
the representation of closeness or distance of the desired
output from the actual one. In general, these three corrective measures are termed proportional, integral, and
derivative. The general form of a PID Controller is given by
[34].
1
uðtÞ ¼ kP eðtÞ þ
ki

Zt
eðsÞds þ kd
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deðtÞ
Þ
dt

ð3Þ

0

Podlubny [35] proposed FOPID Controller in 1999 as an
extended form of PID controller which has a comparatively
wider range for controlling. The FOPID Controller is
shown in ﬁgure 2 and represented a
uðtÞ ¼ kp eðtÞ þ kI Dc eðtÞ þ kD Dl eðtÞ

ð4Þ

where c and l are real numbers with c [ 0,l [ 0 [5], D is a
fractional calculus operator which is deﬁned by Riemann–
is
Liouville as (n is general non-integer order and
Euler’s gamma function)
ð5Þ
The FOPID controller also takes current error, accumulated error, and predicted error into account same as classical PID controller but fractional operators are non-local in
FOPID which gives a modiﬁed deﬁnition to the integral as
well as derivative action [34]. For the analysis purpose,

Figure 1. Schematic representation of Jacketed CSTR system.

Z1

est f ðtÞdt ¼ sa FðsÞ

ð6Þ

0

Here, it is assumed that all initial conditions are zero [36].
Case I, if c ¼ 1 and l ¼ 1 results in PID controller. Case II,
if c ¼ 1 and l ¼ 0; results in PI Controller. Case III, if
c ¼ 0 and l ¼ 1, resulting in PD controller. Case IV, if
c ¼ 0 and l ¼ 0 results in gain controller only. The transfer
function of FOPID Control [37] is represented as,


U ðSÞ
1
l
kp þ kI c þ kD S
ð7Þ
GC ðSÞ ¼
EðSÞ
S
Use of FOPID Controller results not only in enhanced
performance of the control system, better adaptability but
ﬁne control of the dynamical system as well as very fewer
variations in parameters of a control system [38].
• Fractional-order linear matrix diversity framework
• The powerful interim check technique
• Fractional-order Lyapunov disparity technique [39].

4. Metaheuristic optimization algorithms
Figure 3 gives the ﬂow of the proposed work with parameters of the FOPID Controller which are optimized by the
metaheuristic optimization and controlled parameters are
fed into the process.

4.1 Particle swarm optimization (PSO)
PSO is a swarm intelligence-based optimization algorithm
that was proposed by Kennedy and Eberhart in 1995. It
simulates the concept of cooperation, communication, and
social behavior in ﬁsh and bird schooling. Literature [40]
reveals that extensive research has been done on PSO to
demonstrate its efﬁciency in solving real-valued complex,
non-linear, non-differentiable optimization problems.
However, since the search space dimension can be sufﬁciently increased, PSO is sensitive to the trend of falling
into local optima. To solve this limitation with traditional
PSO some improved and hybridized version of PSO has
been introduced from time to time to enhance its convergence performance [41]. It is a population-based optimization technique that gives rise to high-quality results
within a more concise time and shows stable converge
characteristics [33].
PSO is an iterative process. On each iteration of the
PSO’s main processing loop, each particle’s current
velocity is ﬁrst updated based on the particle’s current
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Table 1. CSTR Parameters.
Reactor Parameter

Description

F/V( hr-1)
Ko (hr-1)
-DH (kcal/kmol)
E(kcal/kmol)
qCP (BTU/ ft3)
Tf (K)
CAf(lbmol/ft3)

Values

Flow rate*reactor volume of the tank
Exponential factor
Heat of reaction
Activation energy
Density*heat capacity
Feed temperature
The concentration of feed stream
Overall heat transfer coefﬁcient/reactor volume
Coolant Temperature

UA
V

Tj(K)

xð t þ 1Þ ¼ xð t Þ þ v ð t þ 1Þ

1
10e15
6000
12189
500
315
1
1451
300

ð9Þ

where r1 and r2 are random numbers with a value between
[0, 1], c1 and c2 are two acceleration constants, w is inertia
weight,xð:Þ is the position of the particle, pðtÞ is the personal best position of the particle, gðtÞ is the global best
position of the group. The term vðt þ 1Þ means the velocity
at time ðt þ 1Þ. Once the new velocity, vðt þ 1Þ, has been
determined, it is used to compute the new particle position xðt þ 1Þ [42].
Figure 2. FOPID Controller.

4.2 Cuckoo search algorithm (CS)

velocity, the particle’s local information, and global swarm
information. Then, each particle’s position is updated using
the particle’s new velocity. In math terms the two update
equations are:
vðt þ 1Þ ¼ ðw  vðtÞÞ þ ðc1 r1 ðpðtÞxðtÞÞ
þ ðc1 r2 ðgðtÞxðtÞÞ

ð8Þ

Yang and Deb [43] developed novel meta-heuristic calculations cuckoo search in 2009. The CS depends on the
brood parasitism of some cuckoo species. Moreover, the
calculation is upgraded by the purported Lévy ﬂights, as
opposed to basic isotropic irregular strolls. Cuckoos are
interesting ﬂying creatures, not just as a result of the
excellent sounds they can make yet additionally on account
of their forceful generation methodology. A few animal
types, for example, the ani and guira cuckoos lay their eggs
in shared homes, however, they may evacuate others’ eggs

Figure 3. Optimized FOPID for Control of CSTR.
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to expand the bring forth likelihood of their eggs. A lot of
animal varieties connect with the committed brood parasitism by laying their eggs in the homes of other host
winged animals [30]. In cuckoo search calculation cuckoo
egg speaks to a potential answer for the structure issue
which has an objective function. The calculation utilizes
three gloriﬁed guidelines:
• Each cuckoo lays each egg in turn and dumps it in a
haphazardly chosen home.
• The best home with great eggs will be extended to the
next generation.
• The quantity of accessible host homes is ﬁxed and a
host winged animal can ﬁnd an outsider egg with a
probability of Pa 2 ½0; 1 [44].

where, ai attraction unitary vector,pbest is the best
molecule in population P, pi is molecule i of population P, k is current iteration number; gen-total number
of iterations.
• Calculate velocity,vi of each molecule
vi ¼ di vst

• Then update the Position of each
which is given by (H is a threshold limit)
¼ pki;j þ vi;j rand ð0; 1Þqðbhj  blj Þ;
k
pkþ1
i;j ¼ pi;j ;

• Find the best element from population P
 

2 fPgf Pbest ¼ maxff ðP1 Þ; f ðP2 Þ; . . .. . .. . .f ðPNP Þg

ð10Þ
• Calculate initial velocity magnitude
Pn
h
l
j¼1 ðbj  bj Þ
b
vst ¼
n

ðpbest  pi Þ
kpbest  pi k

molecule,

if rand  H
if rand [ H

Stage 2: Gas state
• Set
the
parameters
for
the
gas
state:q 2 ½0:8; 1; b ¼ 0:8; a ¼ 0:8 & H ¼ 0:9.
• Apply the general procedure as described in Stage 1.
• If the no. of iteration=50% of total no. of iterations
then the process shifted to liquid state otherwise the
general procedure is repeated.
Stage 3: Liquid State
• Set
the
parameters
for
the
liquid
state:q 2 ½0:3; 0:6; b ¼ 0:4; a ¼ 0:2 & H ¼ 0:2.
• Apply the general procedure as described in Stage 1.
• If no. of iteration=90% of total no. of iterations then
process shifted to solid-state otherwise the general
procedure is repeated.
Stage 4: Solid State
• Set the parameters for solid-state:q 2 ½0:0; 0:1; b ¼
0:1; a ¼ 0 & H ¼ 0.
• Apply the general procedure as described in
Stage 1.
• If the total no. of iteration=100% then the process is
ﬁnished otherwise the general procedure is repeated.

ð11Þ

where, bhj is the upper bound of j parameter, blj is lower
bound of j parameter, b is a factor ranging [0,1]
• Update the direction vector to control the movement of
the particle


k
kþ1
k
di ¼ di 1 
ð12Þ
0:5 þ ai
gen
ai ¼

ð14Þ

(15)

SMS algorithm is a nature-inspired algorithm that lies in
the category of evolutionary algorithm and can be used to
solve MIMO type global optimization problems. It is based
on a thermal energy motion mechanism. Three states of
matter i.e., solid, liquid, and gas are simulated in this
algorithm and each state has a different exploration-exploitation ratio. The algorithm begins with the gas state
which is purely exploration, then after reforming the
exploration and exploitation ratio it reaches a liquid state in
which a moderate transition takes place between exploration and exploitation, and this reforming is continued till
solid-state i.e., pure exploitation is reached. This entire
process results in the enhancement of population diversity
and simultaneously escapes the particles to concentrate
within local minima [20]. The complete SMS Algorithm
can be a divided into four stages:
Stage 1: Initialization state and general procedure:

P

ð13Þ

• Calculate collision radius, r and0  a  1
Pn
h
l
j¼1 ðbj  bj Þ
r¼
a
n

4.3 State of matter search algorithm (SMS)

best

104

4.4 CSMS-EOBL algorithm
A hybrid metaheuristic approach is used to enhance the
balance between exploration and exploitation capability of
the existing algorithm along with accelerated convergence
rate. The beneﬁts of all three algorithms are combined to
form this hybrid algorithm. Chaotic Maps are used to calculate the random variable of the SMS algorithm and
increase the exploitation capability. Further, the inclusion
of EOBL enhances the exploration capability of the SMS
Algorithm.
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Table 2. Chaotic maps [45].
Name
Chebyshev
Circle
Gauss

Iterative
Logistic
Piecewise

Sine
Singer
Sinusoidal
Tent

Chaotic Map

Range

xkþ1 ¼ cosðk cos1 ðxk ÞÞ
a


xiþ1 ¼ mod xi þ b 
sinð2pxk Þ; 1 a ¼ 0:5; b ¼ 0:2
2p
8
xi ¼ 0
< 1;
1
xiþ1 ¼
: mod x 1 ; otherwise
i;
 
;
a
2 ð0:1Þ
xkþ1 ¼ sin ap
xk

(0,1)
(0,1)

xiþ1 ¼ axi ð1  xi Þ; a ¼ 4
xk
xk  P
; 0  xk \P
;
P
0:5  P
1  P  xk
P  xk \0:5
;
0:5  P
1  xk
;
0:5  xk \1  P
P
1  P  xk \1
a
1 \a\4
4 sinðpxk Þ;


xiþ1 ¼ l 7:86xi  23:31x2i þ 28:75x3i  13:302875x4i
l ¼ 1:07
xiþ1 ¼ 8
ax2i sinðpxi Þ; a ¼ 2:3
xi
>
xi \0:7
<
0:7
xiþ1 ¼ 10ð1  x Þ
i
>
:
xi  7
3

(0,1)
(0,1)

4.4.1 Chaotic

theory and maps Chaos is a
deterministic concept that shows irregular motions and
can be used in numerous applications like non-linear
control, automobile, industrial applications, etc. It is a
randomly based optimization algorithm that uses chaotic
variables instead of random variables. The concept of chaos
possesses three important properties of non-recurrence,
randomness, and dynamic [21]. These features of chaos
ensure that various solutions produced by the algorithm can

(0,1)

(0,1)

(0,1)
(0,1)
(0,1)
(0,1)

search on the complex multimodal landscape at a higher
speed with various movement patterns. Hundreds of
metaheuristic algorithms have been designed to achieve a
good balance between exploration and exploitation,
according to the literature on metaheuristic algorithms.
In this thread, chaotic theory or COA (chaotic-based
optimization algorithm) can be understood as a system
that is nonlinear, highly sensitive to initial conditions,
and possesses the properties of randomness and non-

Table 3. Parameter Setting of Metaheuristic Algorithms.
Algorithm and Parameters
PSO
Population
Iteration
Weight Function
Acceleration constants
The dimension of search space
Iteration
SMS
Vector Adjustment, q
Beta
Alpha
Threshold Probability, H
Phase Percent
Adjustment Parameters
Iteration

Parameter Value
50
25
[0.2,0.9]
2
5
25
1
[0.8, 0.4, 0.1]
[0.8, 0.2, 0]
[0.9, 0.2, 0]
[0.5, 0.1, -0.1]
[0.85 0.35 0.05]
25

Algorithm and Parameters
CS
Population
Iteration
Pa
Beta
The dimension of search space
Iteration
CSMS-EOBL
Vector Adjustment, q
Beta
Alpha
Threshold Probability, H
Phase Percent
Adjustment Parameters
Iteration

Parameter Value
50
25
0.25
1.5
5
25
1
[0.8, 0.4, 0.1]
[0.8, 0.2, 0]
[0.9, 0.2, 0]
[0.5, 0.1, -0.1]
[0.85 0.35 0.05]
25
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Figure 4. Simulation result for concentration control of CSTR with CSMSEOBL algorithm for different types of Chaotic Maps.

recurrence
[45].
Whenever
any
metaheuristic
optimization algorithm is embedded with chaotic maps
it has three steps: Initialization, operator, and random
generator (table 2).

4.4.2 Elite opposition based learning algorithm
(EOBL) Tizhoosh proposed opposition-based learning
(OBL) in 2005 [46] and from the day of its introduction this
learning has been embedded with many metaheuristic
optimization algorithms to enhance the exploration
capability along with the accelerated convergence rate of

the existing metaheuristic. The main concept of OBL lies in
the fact that the current population and its opposite
population are considered at the same point in time. In
2013, Wang et al proposed a modiﬁed form of OBL
Strategy called Elite Opposition Based Learning (EOBL). It
uses dynamic bounds instead of ﬁxed bounds which make
the search space shortening also, elite oppositional numbers
are deﬁned at the center point of search space which results
in better convergence and exploration capability [47]. As
EOBL is a modiﬁed form of OBL so the ﬁrst OBL is
explained.

Figure 5. Simulation result for temperature control of CSTR with CSMSEOBL algorithm for different types of Chaotic Maps.
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Figure 6. Comparison of concentration control of the CSTR system among different metaheuristic algorithms.

Let x ¼ x1 ; x2 ; . . .. . .::xj is a point in the existing
population and j is the dimension of search space,
xj 2 aj ; bj , where, aj ¼ minfxij } and bj ¼ maxfxij }. The
opposite point of x can be deﬁned as follows:
xej ¼ aj þ bj  xj

ð16Þ

The further elite individual in the current population is
deﬁned as xe ¼ xe1 ; xe2 ; . . .::xej , and then the elite
oppositional solution is given by



x~i;j ¼ q  daj þ dbj  xe;j

ð17Þ

Where, i ¼ ½1; 2; . . .:; P, P is the size of the population, q is
the generalized coefﬁcient, daj ; dbj are dynamic bounds
and can be calculated as:
 
 
ð18Þ
daj ¼ min xi;j ; dbj ¼ max xi;j
In EOBL, dynamic bounds are used instead of ﬁxed
bounds to secure the search space from shortening. If x~i;j

Figure 7. Comparison of Temperature control of the CSTR system among different metaheuristic algorithms.
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Figure 8. Variation of ITAE for different metaheuristic algorithms.

1000

The main beneﬁt of EOBL is that the elite population and
current population can be evaluated at the same time which
further results in a diversiﬁed population and enhanced
global search ability [48].
Pseudocode for CSMSEOBL

900
800
700
600
500

Input:

400
300

Output:

200

Deﬁne ﬁtness function f(x), where, X = (x1, x2,.,
xD )
The optimal solution x*

100
0
ITAE

CSMSEOBL
308.9

SMS
429.41

CS
694.5

PSO
902.5

Step 1.

Figure 9. Comparison of objective function ITAE for different
metaheuristic algorithms.

crosses it’s dynamic bound it can be reset by using the
following equation:


ð19Þ
x~i;j ¼ rand daj ; dbj

Step 2.
Step 3.
Step 4.
Step 5.

Initialize the gas state parameter of the
algorithm with the dynamic boundary of the
search space.
While stop criterion is not satisﬁed do
The current population is updated by applying
the EOBL strategy.
For each xeP do
All random variables are updated by employing
chaotic maps

Table 4. Comparative analysis of controller parameters and time response speciﬁcations.
FOPID Controller Parameter

SMS
CS
CSMSEOBL
PSO [50]

Kp

KI

KD

12.1
21.7
15.8
.2510

32.5
50
43.3
.0243

1
0.2
1.9
.499

c
1.006
1.002
.9999
.5968

l
0.1000
0.7850
0.1386
.0706

Rise time

Peak time

1.22
1.13
2.04
3.65

1.53
1.36
1.68
4.76

Overshoot
.38
.12
0
7

Settling time
2.27
1.86
1.43
14
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Step 6.
Step 7.
Step 8.
Step 9.
Step 10.
Step 11.

Step 12.
Step 13.
Step 14.
Step 15.
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For gas, the state calculates initial velocity and
collision radius.
The new molecules are computed by using
direction vector
By employing a collision operator, solve for the
collision.
The new random position is generated by using
collision operator
If the total no. of iterations completedB50% of
the total number of iterations
Go to the liquid state and repeat Steps 6, 7, 8,
and 9.
Else
Check if the total no. of iterations completed
B90% of the total number of iterations
Go to solid-state and repeat Steps 6, 7, 8, 9
If 100% of the total iterations completed
Update x with x*
End if
End for
End while

5. Simulation results
To conﬁrm the practicality and viability of the proposed
hybrid CSMSEOBL approach, a progression of comparative experiments has been performed on CSTR against the
accompanying three states of the art metaheuristic optimization techniques: PSO, CS, SMS, and CSMS-EOBL.
MATLAB 2018 is used for simulation and Intel (R) Core
(TM) 2 Duo CPU T6400@ 2.00 GHz 1.20 GHz, 1.99 GB of
RAM. The performance is veriﬁed for Control Temperature
and Concentration of CSTR by running CSMSEOBL based
FOPID, SMS based FOPID, CS-based FOPID, and PSO
based FOPID controller, and results are compared.
Parameter setting for all mentioned algorithms have been
shown in Table 3.
For any optimization process convergence of metaheuristic algorithm towards the global optima of the tuned
parameters of FOPID, the problem is deﬁned with an
objective function or ﬁtness function. In this paper, to get
the ﬁnest transient response as well as minimum steadystate error along with the least overshoot, Integral time
absolute error (ITAE) is utilized as the objective functions.
Since ITAE the most aggressive controller setting criteria
that avoid peaks and give controllers with a greater load
disturbance rejection and lessen the overshoot of the system
while retaining the robustness of the system. ITAE is
deﬁned as
ZT
JITAE ¼

tjeðtÞjdt
0

The CSMSEOBL is used to optimize the parameters of
FOPID for concentration and temperature control of CSTR
and also to show the comparative study among Cuckoo
Search, State of Matter Search and Particle Swarm Optimization algorithm is also implemented on CSTR.
MATLAB Simulink environment is utilized for evaluating
the results.
Further, different types of chaotic maps are used to
enhance the randomness of the SMS algorithm. Figures 4
and 5 show the variation of concentration and temperature
for different types of chaotic maps, respectively.
Further, to prove the superiority of the proposed algorithm, comparative result analysis with the best solution
obtained from ﬁgures 4 and 5 are done with the existing
algorithms i.e., SMS, Cuckoo Search (CS), and particle
swarm optimization (PSO) are shown in ﬁgures 6 and 7,
respectively. The setpoint for Concentration is taken as .119
(lb. mol/ft3) and the temperature is at 315K.
The ﬁtness (or objective) function is optimized by using
different metaheuristic algorithms, and the dynamic performance of the CSTR is strengthened by optimizing various performance indices like rise time, settling time, and
overshoot using a mathematical formulation of the objective function ITAE (Integral Time Absolute Error). ITAE
decreases not only the initial extent of error but also
decreases the error which develops in later responses [49].
Variation of ITAE for different metaheuristic algorithms
has been shown in ﬁgure 8. The comparative analysis of
considered metaheuristic algorithms in terms of ITAE is
shown in ﬁgure 9. The proposed CSMSEOBL algorithm
outperformed the other metaheuristic algorithms and it has
been shown in table 4.
From table 4 we could conclude that the proposed
CSMSEOBL shows the promising approach for concentration and temperature control of CSTR because in process
control problems main aim is to obtain the least settling
time and minimum overshoot. Even though the rise time
and the peak time are large for CSMSEOBL-FOPID as
compared to SMS-FOPID, CS-FOPID, and PSO-FOPID
but the cost function is minimized along with minimum
overshoot and least settling time.

6. Conclusion
This paper ﬁxes the limitations of the standard SMS
Algorithm by hybridizing it with chaotic maps and Elite
Opposition Based Learning. Further, this hybrid algorithm
CSMSEOBL is used to ﬁnd optimal parameters of the
FOPID Controller for the temperature and concentration
control of a Continuously Stirred Tank Reactor (CSTR).
Major ﬁndings of the work are as follows:
• CSMSEOBL gives better exploration and exploitation
capability.
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• The use of CSMSEOBL on a non-linear control
problem results in faster convergence.
• CSMSEOBL shows promising results in terms of
overshoot, settling time, and ITAE for optimizing the
performance.
• The proposed controller is validated for concentration
and temperature control of CSTR.
This study of hybrid metaheuristic can be further
extended to reform the transient performance using multiple models, adaptive control strategy, and other latest
metaheuristic algorithms.
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