Journal of Chemical and Petroleum Engineering 2020, 54(2): 273-283
DOI: 10.22059/jchpe.2020.297247.1307

RESEARCH PAPER

Cuttings Transport Modeling in Wellbore Annulus in Oil Drilling
Operation using Evolutionary Fuzzy System
Reza Rookia,*, Seyed Mohammad Reza Kazemib, Esmaeil Hadavandib, Seyed
Mahmood Kazemib
a. Department of Mining, Civil and Chemical Engineering, Birjand University of Technology, Birjand,
Iran
b. Department of Computer and Industrial Engineering, Birjand University of Technology, Birjand,
Iran
Received: 4 February 2020, Revised: 17 June 2020, Accepted: 19 July 2020
© University of Tehran 2020

Abstract
A difficult problem in drilling operation that concerns the very drilling parameters
is the cutting transport process. Correct calculation of the cuttings concentration
(hole cleaning efficiency) in the wellbore annulus using drilling variables such as
the geometry of wellbore, rheology, and density of drilling fluid, and pump rate is
very important for optimizing these variables. In this study, a hybrid evolutionary
fuzzy system (EFS) using artificial intelligent (AI) techniques is presented for
estimation of the cuttings concentration in oil drilling operation using operational
drilling parameters. A well-organized genetic learning algorithm that computes
fitness values by symbiotic evolution is used for extraction of the Takagi–Sugeno–
Kang (TSK) type fuzzy rule-based system for the EFS. A determination coefficient
(R2) of 0.877 together with a root mean square error (RMSE) of 1.4 between
prediction and measured data for test data verified a very satisfactory model
performance. Results confirmed that the estimation accuracy of the proposed EFS
is better than other models such as Multiple Linear Regression (MLR), artificial
neural network (ANN), and adaptive neuro-fuzzy inference system (ANFIS) for
hole cleaning modeling.
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Introduction
In a rotational drilling method, the rock formation is crushed into minor pieces (cuttings) by the
drill bit. To bring the cuttings to surface facilities such as shale shaker and mud pits, drilling
fluid is pumped via pipe and bit nozzle and circulated back through the wellbore annulus. A
major concern in directional well drilling is the efficiency of particle transportation (cuttings
transport) by drilling fluid Fig. 1.
The main problem is settling of cuttings and forming a bed in the annulus. This issue may
cause many drilling problems such as bit balling, pack-off, or stuck pipe. Hole cleaning
efficiency affects the quality of oil/gas wells as well as time and costs. Estimation and field
measuring of the cuttings concentration in wellbore annulus is a complicated, time-consuming,
and costly problem because of the presence of numerous parameters, such as hole-pipe
eccentricity, multiphase flow process, average fluid velocity, particle transport velocity, fluid
flow regime, rheological properties of fluid, drill pipe rotation, rate of penetration, wellbore
geometry and cuttings properties [1-8]. In underbalanced drilling, the fluid pressure is usually
lower than the fluid pressure of the formation. Foam, as a drilling fluid, is usually used in
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underbalanced drilling. It is a combination of surfactants, liquids, compressed gases, and
chemical additives. Foam quality, foam rheology, and foam density are among the foremost
foam properties. Since foam has high viscosity (as a non-Newtonian drilling fluid), it
significantly contributes to an efficient hole cleaning. Moreover, its low density establishes
underbalanced conditions with minimal formation damage. In drilling with foams, effective
cuttings transport is an important issue due to the multiphase flow and foam drilling hydraulic.
Foam properties can be unfavorably affected by drilled particles. As a result, the downhole
pressure control plan may be changed. Also, drilled particles bring about the same difficulties
as in conventional drilling [7-12]. There are a few publications about cuttings transport with
foam [7-9,13-22].

Fig. 1. Schematic of cuttings transport in a vertical-section

Accurate estimation of drilling particle transport efficiency by the effective drilling
parameters using a simple and cost-effective method is necessary for the optimal design of a
foam drilling program. In this regard, the application of artificial intelligence (AI) methods can
be useful.
In computer science, the intelligence that is demonstrated by machines to mimic the
operations of the human brain is called artificial intelligence (AI). AI methods including
artificial neural networks (ANNs), fuzzy logic, and genetic algorithms (GAs) are prevalent
models to cope with intricate problems in engineering optimization. Because of their flexibility,
these models are capable of estimating non-linear relationships without the limitations of
classical statistical models [23]. The AI techniques have been widely employed in engineering
applications and the oil industry [5,24-29].
Every mentioned AI-based method has its advantages and disadvantages. To conquer the
disadvantages and deal with difficult and complex problems, generating hybrid models by
integrating several AI techniques is recommended. In this way, their strengths are combined and
the impacts of their weaknesses are mitigated. It leads to achieving better results compared to
those obtained by a single technique.
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Fuzzy rule-based systems are popular intelligent models used for estimation problems. In
more complicated problems, combining fuzzy logic systems with other intelligent techniques
can yield hopeful results. In this regard, a widespread approach is using genetic fuzzy systems
(GFSs) or evolutionary fuzzy systems (EFSs) which are a combination of GA and fuzzy logic
[30,31]. An EFS is a learning process empowered by evolutionary computation. Applying GFSs
to estimation problems can indicate a satisfactory performance because of its high precision in
modeling complex and chaotic systems [32]. This study aims at using an EFS method to estimate
the cuttings concentration with foam in the oil drilling operation.

Methodology
Developing EFS
Many real-world problems have been effectively handled using Fuzzy rule-based systems
(FRBS). Designing an effective FRBS requires accomplishing several tasks. One thing to do is
extracting a suitable knowledge base (KB) for the problem. The on-hand knowledge is stored in
the KB in form of fuzzy linguistic IF–THEN rules. It includes a rule base (RB) and a database
(DB). The RB is composed of the set of rules in their symbolic forms, and the DB is contained
of the linguistic term sets and the membership functions describing their meanings [23].
GA can be effectively employed for deriving KB for an FRB. Particularly, the results of
designing, learning, and tuning of KBs by GA have shown to be very promising. These
approaches are generally entitled GFS [33]. The final output in TSK-type FRBS, is considered
as a weighted mean of those of individual rules. A common rule for a first-order TSK-type FRBS
is shown as the following:
If 𝑥1 is 𝐴1 and 𝑥2 is 𝐴2 , THEN Y=𝑏0 +𝑏1 𝑥1 +𝑏2 𝑥2 where 𝑏0 ,𝑏1 ,𝑏2 are linear parameters, 𝑥1 ,𝑥2
are linguistic parameters and 𝐴1 , 𝐴2 are the related fuzzy sets.
Based on the work of Juang et al. [34], to create a TSK-type FRBS, a genetic learning
algorithm is utilized. To do so, a fuzzy system is designed by incorporating symbiotic evolution
where a fuzzy rule is represented by a chromosome. Finally, the ultimate fuzzy system is
structured by amalgamating rules randomly chosen from the population. Noteworthy, the fitness
allocation is carried out by symbiotic evolution. The following subsection delineates the
proposed genetic learning algorithm and the procedure of constructing EFS.
The Proposed Genetic Learning Algorithm
The developed genetic learning algorithm is described as follow:
Step1- Encoding fuzzy rules
A Gaussian membership function with 𝑚 and 𝜎 parameters as center and width of it, and a TSKtype fuzzy rule employed for encoding. The mentioned encoding method is shown in Fig. 2.

Fig. 2. Coding the 𝑖th fuzzy rule with n inputs in a chromosome
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Step 2- Initialization
Several Nc initial chromosomes are randomly produced. If 𝑖th input variable (𝑥𝑖 ) is in the range
of [mini , maxi ], the primary values of each 𝑚𝑗𝑖 are indiscriminately allotted to a floating-point
number in [mini , maxi ]. For simplification, 𝜎𝑗𝑖 is permitted to take value from
{0.1k i , 0.2k i , 0.3k i , 0.4k i , 0.5k i , 0.6k i } where k i is defined as k i = maxi − mini. Therefore, the
value of 𝜎𝑗𝑖 is coded as integer, with its value being “1”, “2”, “3”, “4”, “5”, or “6” signifying the real
normalized value of 0.2 k i to 0.6 k i , respectively. Also, 𝑤𝑖𝑗 is randomly generated in[−1,1] .
In addition to the population size, the number of fuzzy systems to be constructed and assessed
per generation (Nf ≤ population size), the quantity of fuzzy rules constituting a fuzzy system
(Nr < Nf ), and the mutation probability (Pm ) should be specified.
Step 3- Fitness assignment
Each chromosome is evaluated by the fitness function presented below:
Fitness Value(Sk ) =

1
1 + Ek (T, Y)

(1)

1

2
where, Ek (T, Y) = √N ∑N
i=1(t i − yi ) , t i is the real value and yi is the estimated value of 𝑖th

training data computed by 𝑘th fuzzy system and 𝑁 is the number of training data. Accordingly,
the performance of a rule is evaluated using the average fitness value acquired by the symbiotic
evolution process. The fitness assignment procedure is elaborated in Algorithm 1 [35].
Algorithm 1: Fitness assignment in symbiotic evolution
1: choosing Nr fuzzy rules from a population of Nc rules randomly, and forming the fuzzy
system using these Nr rules.
2: Obtaining a fitness value by the performance evaluation of the fuzzy system.
3: Divide the fitness value by Nr and accumulate the divided fitness value to the fitness record
of Nr the selected rules with their fitness records set to zero initially.
4: Repeat Nf times of the above process until each rule has been selected for a sufficient
number of times and record the number of the fuzzy system in which each individual has
participated.
5: Divide the accumulated fitness value of each individual by the number of times it has been
selected.
Output: Fitness value of each rule (chromosome)
Step 4- Reproduction
Firstly, all individuals are arranged based on their fitness values in descending order. Afterward,
the top 50% of sorted chromosomes are moved to the next generation without any change. The
remaining part of the new generation is produced by conducting crossover and mutation
operations. The reproduction mechanism is similar to that of Juang et al. [34] showing
outstanding performance in forecasting and control problems.
Step 5- Crossover
A binary racing selection is used to choose chromosomes for the crossover operation. In the
selection method, two individuals are randomly selected, their fitness values are compared, and
the superior one is chosen as one parent. The selection mechanism is reiterated to create the
other parent. Afterward, a child is generated by exerting a one-point crossover method on the
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selected parents. It should be pointed out that after completing the crossover operation, an
offspring with an undesired fitness value is replaced by a newly generated one.
Step 6- Mutation
The mutation operator used in this algorithm is of uniform type. Thus, a gene is randomly chosen
and its value is replaced by a number generated using a uniform distribution in the allowable
range of that gene.
Step 7 – Termination criterion
A maximum number of generations is specified. If the number of current generation equals the
maximum number, the algorithm is terminated; otherwise, the consecutive steps from Step 3 to
Step 7 are repeated.

Modeling of Cuttings Concentration using the EFS
In this paper, 77 experimental data of cuttings transport using foam in literature [7,8] were used
to predict cuttings concentration (CC) using effective parameters including velocity (V), foam
quality (Q), annulus eccentricity (e), pipe rotation (RPM), pressure (P), and temperature (T),
similar to the work of Rooki et al. [5]. Test matrix of experiments has been shown in Table 1.
Table 1. Test matrix of experiments [7,8]
Testing Parameters
Values
Annular Size
5.76" by 3.5"
Pipe Rotation(rpm)
0, 40, 80, 120
Foam Velocity (ft/s)
2, 3, 4, 5, 6
Foam quality (%)
60, 70, 80, 90
Eccentricity (-)
0, 0.78
Temperature (0F)
80, 120, 160, 170
Pressure (psi)
100, 200, 250, 400
Cuttings Size(mm)
3
Cuttings Density (kg/m3)
2610

About 60 data from experimental data were used for the EFS design and 17 data were
randomly used for testing the EFS. In this part, a fuzzy system is made by the proposed EFS to
simulate and estimate cuttings concentration. Fig. 3 shows the architecture of the applied EFS,
inputs, and output parameters. The employed system aims at modeling and data analysis hence
deriving suitable knowledge for estimating cuttings concentration. According to Fig. 3, the EFS
has six inputs and the cuttings concentration is its output. In this study, the modeling of EFS
using the MATLAB simulation package was done.

Fig. 3. Structure of the EFS
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Implementing the Proposed Method to Construct the EFS
Parameters tuning is an important task in developing metaheuristic algorithms, since it can
significantly affect their performance [36]. In the beginning, an initial set of parameters is used;
it is preferable to use the starting values that their performance over several numerical tests has
shown to be satisfactory. The architecture (parameter values) of the model is improved by
sampling in parameter space, considering a stream of instances, successively assessing
candidates by minimum mean-square error statistic, rejecting statistically inferior ones, and
picking the winner architecture. Accordingly, to achieve the optimum architecture yielding the
fewest errors for estimation cuttings concentration, different modes of variables (i.e. different
numeric values) were tested to obtain suitable settings. The appropriate parameter settings of
the EFS are provided in Table 2.
Table 2. The appropriate parameters settings of the EFS
Proposed EFS-suitable features
Population Size (NC )
Generations Number
Fuzzy rules (Nr)
Number of evaluated Fuzzy system per generation (Nf)
Mutation probability (Pm)

value
80
200
13
40
0.02

As shown in Table 2 an accurate model was obtained with 13 fuzzy rules for the EFS to
simulate cuttings concentration according to effective parameters given in Fig. 3. The simulated
fuzzy inference system formulates the mapping from the input space to the output space.
Therefore, a foundation for simulating cuttings concentration behavior as a function of the
influencing factors is provided by the mapping. Fig. 4 shows the tuned membership functions
of inputs and rule base of the system in the designed EFS.

Fig.4. The rule base of the EFS for cuttings concentration estimation
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Performance Analysis of EFS
For evaluating the performance of the designed EFS, the EFS results were compared with three other
models including multiple linear regression (MLR), artificial neural network (ANN) [5], and adaptive
neuro-fuzzy inference system (ANFIS). The comparison was done using common evaluation statistics
including root mean square error (RMSE) and determination coefficient (R2) for the test data (17 data
records from 77 experimental data records):
N

1
RMSE = √ ∑(Ti − Yi )2
N

(2)

i=1

R2 = 1 −

̅ 2
∑N
i=1(Yi − T)
̅ 2
∑N
i=1(Ti − T)

(3)

where 𝑇𝑖 is the measured value and 𝑌𝑖 is the estimated value of cuttings concentration for ith test data
obtained from the models, 𝑇̅ is the mean of cuttings concentration variable, and 𝑁 is the number of test
data. Fig. 5 shows the estimation results of the proposed models versus measured cutting concentration
(%) for the test data. Also, Fig. 6 shows the RMSE of all models for the test data. A determination
coefficient (R2) of 0.877 together with an RMSE of 1.4 indicated a very satisfactory model performance.
As it’s shown in Figs. 5 and 6, the proposed EFS provided more accurate results compared to the other
three models. Table 3 illustrates the results (R2 and RMSE) of ANN, MLR, ANFIS, and EFS models for
the test data records. Higher R2 and lower RMSE denote better estimation. As can be inferred from the
obtained results, the proposed EFS model is capable of providing high-quality solutions and can be
fittingly used as an appropriate tool for solving the cutting concentration estimation problem in oil
drilling.

Fig. 5. The results of the different models versus measured cutting concentration (%) for the test data
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Fig. 6. Estimation error of the models for test data
Table 3. Comparison of the results obtained from different methods for the test data
Method
R2
RMSE
The proposed EFS
0.877
1.4
ANN [5]
0.835
1.96
MLR [5]
0.704
2.48
ANFIS
0.74
2.47

Response surface methodology (RSM) represents the relation between a response variable

(output) and one or more explanatory inputs. The proposed EFS model can be used as a cutting
concentration simulator to simulate the effects of the influencing factors by using RSM. The
sensitivity analysis of cuttings concentration for effective parameters was done using RSM for
some variables Figs. 7 and 8. For example, Fig. 7 depicts the simulated response surface of foam
quality (Q), pressure (P), and cutting concentration (CC) for a state where T=125, V=4,
RPM=60, and e=0.39. As it can be observed, cutting concentration increases with increasing P
and decreasing Q.

Fig. 7. Simulated response surface of Q, P, and cutting concentration for a state that T=125, V=4, RPM=60, e=0.39
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Fig. 8. Simulated response surface of P, RPM, and cuttings concentration

Fig. 8 shows the simulated response surface of pressure (P), pipe rotation (RPM), and cuttings
concentration for a state where T=125, V=4, Q=0.75, and e=0.39. As it can be seen, cuttings
concentration increases with an increase of pressure and decrease of pipe rotation in wellbore
annulus

Conclusions
A difficult problem in drilling operation that concerns the drilling parameters is the cutting
transport process. This study developed an evolutionary fuzzy system (EFS) based on the genetic
learning algorithm using MATLAB software for cuttings concentration estimation in the oil
drilling operation. A determination coefficient (R2) of 0.877 together with an RMSE of 1.4 for
the test data extracted from literature, indicated a very satisfactory model performance. Also,
the obtained results (R2 and RMSE) showed that the estimation accuracy of EFS was better than
its counterparts, including ANFIS, ANN, and MLR models. Thus, it can be concluded that the
proposed EFS model is capable of providing high-quality solutions and can be fittingly used as
a proper tool for solving cutting concentration estimation problems in oil drilling. Also, it can
be used as an intelligent simulator to estimate and control cuttings concentration in drilling
operations with different operational parameters.

Nomenclature
ANN
EFS
ANFIS
MLR
RMSE
R2
CC
V
Q
e
P
T

Artificial neural network
Evolutionary fuzzy system
Adaptive neuro-fuzzy inference system
Multiple linear regression
Root mean square error
Determination coefficient
Cutting concentration
Velocity (ft/s)
Foam quality
Eccentricity of annulus
Pressure (psi)
Temperature (0F)
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RPM
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Pipe rotation (rpm)

References
[1] Larsen TI, Pilehvari AA, Azar JJ. Development of a new cuttings-transport model for high-angle
wellbores including horizontal wells. SPE Drilling & Completion. 1997 Jun 1;12(02):129-36.
[2] Tomren PH, Iyoho AW, Azar JJ. Experimental study of cuttings transport in directional wells. SPE
Drilling Engineering. 1986 Feb 1;1(01):43-56.
[3] Mirhaj SA, Shadizadeh R, Fazaeli-zadeh M. Cuttings removal simulation for deviated and
horizontal wellbores. InSPE Middle East Oil and Gas Show and Conference 2007 Mar 11.
[4] Bourgoyne Jr AT, Millheim KK, Chenevert ME, Young Jr FS. Applied drilling engineering chapter
8 solutions.
[5] Rooki R, Ardejani FD, Moradzadeh A. Hole cleaning prediction in foam drilling using artificial
neural network and multiple linear regression. Geomaterials. 2014 Jan 9;2014.
[6] Rooki R, Ardejani FD, Moradzadeh A, Norouzi M. CFD simulation of rheological model effect on
cuttings transport. Journal of Dispersion Science and Technology. 2015 Mar 4;36(3):402-10.
[7] Duan, M., 2007. Study of Cuttings Transport Using Foam with Drill Pipe Rotation under Simulated
Downhole Conditions, PhD Dissertation, Tulsa University, USA.
[8] Chen Z. Cuttings transport with foam in horizontal concentric annulus under elevated pressure and
temperature conditions. The University of Tulsa; 2005.
[9] Ozbayoglu, M.E., 2002. Cuttings transport with foam in horizontal and highly-inclined wellbores,
PhD Dissertation, University of Tulsa, USA.
[10] Rojas Y, Vieira P, Borrell M, Blanco J, Ford M, Nieto L, Lopez G, Atencio B. Field application of
near-balanced drilling using aqueous foams in western Venezuela. InIADC/SPE Drilling
Conference 2002 Jan 1. Society of Petroleum Engineers.
[11] Suradi SR, Mamat NS, Jaafar MZ, Sulaiman WR, Ismail AR. Study of cuttings transport using stable
foam based mud in inclined wellbore. J. Appl. Sci.. 2015 Mar 1;15(5):808.
[12] He M, Zhang Y, Xu M, Li J, Song J. Real-Time Interpretation Model of Reservoir Characteristics
While Underbalanced Drilling Based on UKF. Geofluids. 2020 May 19;2020.
[13] Okpobiri GA, Ikoku CU. Volumetric requirements for foam and mist drilling operations. SPE
Drilling Engineering. 1986 Feb 1;1(01):71-88.
[14] Guo, B., Miska, S., and Hareland, G., 1995. A simple approach to determination of bottom hole
pressure in directional foam drilling, ASME Drilling Technology Symposium, PD-Vol. 65: 329338.
[15] STAINTPERE S. Hole Cleaning Capabilities of Drilling Foams Compared to Conventional Fluids.
Inpresented at the 2000 SPE Annual Technical Conference and Exhibitions, Dallas-Texas 2000.
[16] Li Y, Kuru E. Numerical modelling of cuttings transport with foam in horizontal wells. Journal of
Canadian Petroleum Technology. 2003 Oct 1;42(10).
[17] Li, Y., Kuru, E., 2005, Numerical modeling of cuttings transport with foam in vertical wells, Journal
of Canadian Petroleum Technology 44(3): 31-39.
[18] Martins, A.L., Luorenco, A.M.F de Sa, C.H.M., 2001. Foam properties requirements for proper hole
cleaning while drilling horizontal wells in underbalanced conditions, SPE Drill & Completion 16
(4): 195-200.
[19] Capo, J., Yu, M., and Miska, S. Z., Takach, N.E., Ahmed, R., 2006. Cuttings transport with aqueous
foam at intermediate inclined wells [C], SPE Drilling and Completion 21(2):99–107.
[20] Arya A, Liang X, Von Solms N, Kontogeorgis GM. Modeling of asphaltene onset precipitation
conditions with cubic plus association (CPA) and perturbed chain statistical associating fluid theory
(PC-SAFT) equations of state. Energy & Fuels. 2016 Jul 26;30(8):6835-52.
[21] Chen Z, Ahmed RM, Miska SZ, Takach NE, Yu M, Pickell MB, Hallman JH. Experimental study
on cuttings transport with foam under simulated horizontal downhole conditions. SPE Drilling &
Completion. 2007 Dec 1;22(04):304-12..
[22] Yan T, Wang K, Sun X, Luan S, Shao S. State-of-the-art cuttings transport with aerated liquid and
foam in complex structure wells. Renewable and Sustainable Energy Reviews. 2014 Sep 1;37:560-8.

Journal of Chemical and Petroleum Engineering 2020, 54(2): 273-283

283

[23] Hadavandi E, Shavandi H, Ghanbari A, Abbasian-Naghneh S. Developing a hybrid artificial
intelligence model for outpatient visits forecasting in hospitals. Applied Soft Computing. 2012 Feb
1;12(2):700-11.
[24] Braunschweig, B., Bremdal B.A. 1996, Artificial intelligence in the petroleum industry: symbolic
and computational applications. Volume 2, Editions TECHNIP, Technology & Engineering - 381
pages.
[25] Rooki R. Application of general regression neural network (GRNN) for indirect measuring pressure
loss of Herschel–Bulkley drilling fluids in oil drilling. Measurement. 2016 May 1;85:184-91.
[26] Bello O, Holzmann J, Yaqoob T, Teodoriu C. Application of artificial intelligence methods in
drilling system design and operations: a review of the state of the art. Journal of Artificial
Intelligence and Soft Computing Research. 2015 Apr 1;5(2):121-39.
[27] Cranganu C, Luchian H, Breaban ME, editors. Artificial intelligent approaches in petroleum
geosciences. Berlin: Springer; 2015 Apr 18.
[28] Al-Azani K, Elkatatny S, Ali A, Ramadan E, Abdulraheem A. Cutting concentration prediction in
horizontal and deviated wells using artificial intelligence techniques. Journal of Petroleum
Exploration and Production Technology. 2019 Dec 1;9(4):2769-79.
[29] Ouaer H, Gareche M, Rooki R. Rheological studies and optimization of Herschel–Bulkley
parameters of an environmentally friendly drilling fluid using genetic algorithm. Rheologica Acta.
2018 Nov 1;57(11):693-704.
[30] Cord O. Genetic fuzzy systems: evolutionary tuning and learning of fuzzy knowledge bases. World
Scientific; 2001.
[31] Herrera F. Genetic fuzzy systems: taxonomy, current research trends and prospects. Evolutionary
Intelligence. 2008 Mar 1;1(1):27-46.
[32] Kazemi SM, Hadavandi E, Mehmanpazir F, Nakhostin MM. A hybrid intelligent approach for
modeling brand choice and constructing a market response simulator. Knowledge-Based Systems.
2013 Mar 1;40:101-10.

[33] Herrera F, Lozano M, Verdegay JL. A learning process for fuzzy control rules using genetic
algorithms. Fuzzy sets and systems. 1998 Nov 16;100(1-3):143-58.
[34] Juang CF, Lin JY, Lin CT. Genetic reinforcement learning through symbiotic evolution for fuzzy
controller design. IEEE Transactions on Systems, Man, and Cybernetics, Part B (Cybernetics). 2000
Apr;30(2):290-302.
[35] Shahrabi J, Hadavandi E, Asadi S. Developing a hybrid intelligent model for forecasting problems:
Case study of tourism demand time series. Knowledge-Based Systems. 2013 May 1;43:112-22.
[36] Eiben ÁE, Hinterding R, Michalewicz Z. Parameter control in evolutionary algorithms. IEEE
Transactions on evolutionary computation. 1999 Jul;3(2):124-41.

This article is an open-access article distributed under the terms and conditions
of the Creative Commons Attribution (CC-BY) license.

