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AbstractOur Aim was to find the stochastic optimal solution for a boiler process in order to maximize steam gener-
ation while complying with pollutant emissions regulations. For a simulation base-model, support vector regression
(SVR) is employed to present a general discrete-time dynamical system of a boiler, and a stochastic optimization was
performed to take inherent process uncertainties into account. To generate a stochastic optimization problem, sample
average approximation (SAA) based on Monte-Carlo sampling was introduced due to the properties of a SVR. More-
over, a gradient free-based particle swarm optimization (PSO) technique was applied to find the optimal parameters of
SVR and investigate the stochastic optimal solution for the boiler process. The results show that the stochastic optimal
solution provides almost 2% more steam generation under uncertainties: this indicates that the stochastic optimal solu-
tion provides more realistic results compared to the deterministic approach. The proposed methodology can be applied
straightforwardly to black box models, or when the use of gradient-based optimization solvers is restricted.
Keywords: Stochastic Optimization, Support Vector Regression, Particle Swarm Optimization, Chemical Recovery Boiler,

Pulp Mill

INTRODUCTION

Ideally, mimicking real processes requires rigorous mathemati-
cal models. These are based on the first principle equations of chem-
ical engineering, such as mass and energy balances, reaction kinetics,
and so on. A satisfactory process model in hand can be used for
optimization purposes. Hence, an optimal solution can be investi-
gated for the set of designed variables. The general bottleneck is the
unavailability of sufficient process knowledge because of the lack of a
minimum understanding relative to the physicochemical phenom-
ena. In addition, the general nonlinear behavior triggers trouble
during process modelling and simulation. Even with knowledge avail-
ability, model development can be time-consuming and expensive.

This scenario is both the case for boilers in general and more
specifically for chemical recovery boilers (as investigated in the pres-
ent work) in pulp mills. One challenge with such equipment con-
cerns emission modelling, for which pure mathematical models
are not available [1,2]. In chemical recovery boilers, there are many
ambiguous physicochemical phenomena, and parameter values
such as fuel and air properties vary over time. Moreover, the com-
bustion process itself is not stable generating fluctuations in response
variables even when constant operation is assumed e.g. variable
CO emission. Further, the char bed may show from hours to days
dynamicity, where fuel residue, i.e., partially burned black liquor, is
deposited (stock grows) and also consumed (stock decreases) during

boiler operation.
Ghaffari and Romagnoli [3], Blasiak et al. [4], and Leiviska [5]

present examples of the static and dynamic modelling of Kraft re-
covery boilers based on mass and energy balances. This approach
always makes assumptions regarding chemical reduction efficiency,
smelt temperature, boiler efficiency and excess oxygen in the stack,
to mention a few. In addition, they are generally only valid for a par-
ticular case, and model parameters such as the reaction kinetics
should be re-estimated for different mills. Due to this complexity,
studies have generally focused on specific boiler subsystems. For
instance, Perez et al. [6] presented a CFD model for ash deposition
and fouling growth for a specific example of ash deposits in the boiler
bank of a particular boiler. Another example is given in Wallinder
et al. [7], which aimed to recognize constant changes in the pro-
cess stream compositions in pulp mills based on a process simula-
tor that is based on a dynamic model. The authors highlight the
need for knowledge of the residence time between operations in
the mill, which in practice is known to be a varying parameter.

To tackle the difficulties regarding process modeling, data-driven
methods have been widely used as an alternative, since data avail-
ability is no more a restriction in at least medium and large process
industries worldwide. In this direction, Maakala et al. [8] combined
simulated annealing, local polynomial regression, and computa-
tional fluid dynamics for geometry optimization of the superheaters
in the convective heat transfer section of a chemical recovery boiler.
To mention some general applications in boilers, Safdarnejad et al.
[9] employed a dynamic data-driven approach based on a recur-
rent neural network to estimate NOx and CO emissions in a util-
ity boiler simultaneously. This approach was justified by its strong
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nonlinear characteristic. The model was used to predict into the
future for optimization purposes. Pan et al. [10] highlighted the fre-
quent variable loads in boilers. Given this, the authors used genetic
algorithms to optimize the performance of the combustion con-
trol system of an industrial boiler to reach an optimal combustion
interval. Wang et al. [11] applied a Gaussian process to optimize the
combustion process of a tangentially fired boiler with the aim of
reducing NOx emissions. They also adopted genetic algorithms for
the optimization of the model hyper-parameters. The authors jus-
tified the adoption of a data-driven approach due to the complex
mechanism of boiler combustion. Song et al. [12] obtained the com-
bustion description of a utility boiler using general regression neu-
ral network in conjunction with Gaussian adaptive resonance theory.
This predictive model was then used to optimize the process using
the artificial bee colony algorithm, for which the objective func-
tion considered the coal consumption, NOx emissions and the recy-
cling potential of fly ash. Zhou et al. [13] identified a predictive
model for NOx emissions in a power boiler using support vector
regression (SVR), for which ant colony optimization was used for
the estimation of the model parameters.

In this study, the SVR-based empirical model, which has many
attractive advantages for nonlinear modeling, was employed for pro-
cess modeling. SVR has been shown to be one of the most effec-
tive tools for handling nonlinear information [14]. In the pulp
industry field, Vincent el al. [15] employed SVR to make regres-
sion models and detect abnormal behavior. This study proved the
efficacy of SVR for modeling a reboiler process.

Traditional optimization approaches aim to find the optimal
solution through a mathematical model, an objective function and
a set of constraints. However, in the absence of such a description,
derivatives are not available and gradient-based optimization can-
not be adopted to find the optimal conditions. This study adopts a
sample-based approach, in which derivatives are not necessary. Fur-
thermore, realistic processes are inherently stochastic. Thus, a deter-
ministic approach may not be sufficient to guarantee the best solu-
tions under uncertainty, and stochastic optimization approaches
yield more realistic solutions [16,17]. Stochastic optimization tech-
niques have been widely studied in the fields of process optimiza-
tion and computer-aided molecular design [16-22]. It is generally
assumed that random variables follow a specific probability func-
tion and overall complex and highly nonlinear models are then
decomposed into several linear models. Throughout the convexity
of such linear models, it is easier to find the stochastic solutions. An
alternative is the sample-based approach, where stochastic opti-
mal solutions make the average expectation of the objective func-
tion given scenarios minimize or maximize. These scenarios are
generated through combinations of samples of random variables.
Stochastic optimal solutions of a sample-based approach show the
best performance in terms of averages on the objective function.

Specifically, the present work employs SVR to model a boiler
process and proposes a stochastic optimization procedure. Particle
swarm optimization (PSO), which is gradient-free optimization, is
introduced to optimize both the SVR parameter set and the sto-
chastic solutions. First, a set of SVR models is trained to construct
rigorous models to mimic a boiler process. Their optimal parame-
ters are determined via PSO. In sequence, scenarios are generated

by sample combinations of random variables and a stochastic opti-
mization problem using a sample-based approach is generated. PSO
is then employed to find the best stochastic solution. The case study
refers to a chemical recovery boiler belonging to a pulp mill in Brazil.

The paper is organized as follows. In Sections 2 and 3, the basic
model of the case study and its optimization problem are intro-
duced. Section 4 explains how to generate the stochastic problem,
and Section 5 describes the PSO technique. In Section 6, the ob-
jective function is defined, and Section 7 discusses the results of the
stochastic model, which are compared with the results of the deter-
ministic solution. Finally, Section 8 gives concluding remarks.

A RECOVERY BOILER

The case study refers to a chemical recovery boiler of a Kraft pulp
mill in Brazil. Its main role is the recovery of specific sodium-based
compounds for reuse as cooking chemicals in the cooking stage of
the wood chips, from which the cellulose pulp is obtained for paper-
making. As power boilers, it also produces high-pressure steam for
electric power generation and heat exchange operations in the mill.
Its fuel is an aqueous solution composed of organic and inorganic
compounds called residual liquor, which is the byproduct of the
cooking stage. Before being burned in the boiler, it is concentrated
from about 20% to above 60% in mass by partially evaporating its
water content. This operation occurs in an evaporation station. The
last recovery step for the cooking chemicals occurs in a causticiz-
ing stage. Fig. 1 shows the main stages of Kraft pulp mills with an
emphasis on the boiler [22-24].

This boiler has two main sections: furnace and heat recovery.
This section starts with radiative heat transfer controlling the flue
gas cooling in the superheaters, changing to convective heat trans-
fer in the remaining heat exchangers, namely, boiler bank and
economizers. The first is very similar to a chemical reactor, where
the combustion process and the recovery of the inorganic com-
pounds occur. Combustion air is injected at three levels: primary,
secondary, and tertiary. In the latter, fresh water at approximately
120 oC is transformed to high-pressure steam around 480 oC and
6.5 MPa. This is achieved with the use of the released hot fuel gases
in counter-current with the fresh water through a series of heat ex-
changers. The fuel gas leaves the chimney at approximately 200 oC.
Fig. 2 shows the chemical recovery boiler used in this study.

The collected data set is composed of nineteen process variables
as shown in Table 1. There are fifteen input variables, one interme-
diate variable (column 1; variable 16) and three output variables
(column 1; variables 17-19). The collection of data includes four
months of operation with an hourly sampling interval, which leads

Fig. 1. Main stages of Kraft pulp mills.



590 G. M. de Almeida et al.

April, 2020

Fig. 2. Scheme of the chemical recovery boiler of the case study.

Table 1. Data set of the case study
Number Variable Unit Mean Standard deviation

01 Fuel flow rate (residual liquor) ton/h 109.4 009.1
02 Fuel temperate oC 126.4 001.0
03 Fuel pressure (walls 2 and 4) mmH2O 000.855 000.077
04 Fuel pressure (walls 1 and 3) mmH2O 000.902 000.070
05 Dry solids content (measure 1) % 068.2 001.7
06 Dry solids content (measure 2) % 068.2 001.6
07 Primary air flow rate ton/h 153.9 007.0
08 Primary air temperature oC 150.0 001.9
09 Primary air pressure mmH2O 037.4 007.0
10 Secondary air flow rate ton/h 187.5 021.0
11 Secondary air temperature oC 167.0 003.9
12 Secondary air pressure mmH2O 202.8 018.5
13 Tertiary air flow rate ton/h 048.4 003.0
14 Tertiary air temperature oC 029.9 004.6
15 Tertiary air pressure mmH2O 200.2 017.1
16 Boiler drum pressure kg/cm2 073.5 001.9
17 H2S emissions ppm 000.266 000.980
18 SO2 emissions ppm 119.908 107.587
19 Steam flow rate ton/h 297.9 026.5
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to 2,928 measurements for each variable. The operating condition
of the boiler is considered normal throughout the period. For bench-
mark processes, it is easy to get normal data. However, when work-
ing with real processes, this evaluation should be supported by
experienced operators and engineers. This point was previously
verified in this work through a visual inspection of the whole data
set and by an evaluation of the mill process team, from which the
data set was considered characteristic of normal operations.

STOCHASTIC OPTIMIZATION OF THE
BOILER PROCESS

1. The Modeling of a Boiler Process
To address the qualitative models associated with steam genera-

tion of the boiler, a general discrete-time dynamical system includ-
ing manipulated and input variables can be described by Eq. (1),

BP(t+1)=g(x(t), u(t), BP(t))
YSteam(t+1)=h1(x(t), u(t), BP(t+1)) (1)
YSO2(t+1)=h2(x(t), u(t), BP(t+1))
YH2S(t+1)=h3(x(t), u(t), BP(t+1))

where x(t) represents the input vector, u(t) is the vector including
manipulated variables, BP(t) is the intermediate variable (that is, the
boiler drum pressure), and y(t) is the output vector. There are three

output variables (Y): the steam flow rate and the SO2 and H2S lev-
els of emissions.

The prior process knowledge based on the first-principle equa-
tions is unknown for this system regarding mainly its operational
dynamics as a whole, and more specifically the emissions of gases.
Thus, the functions g and h are built through empirical models.

SVR is one of the most effective regression techniques for han-
dling nonlinear information [14]. First, the inputs are projected into
a high-dimensional feature space by means of a kernel function.
This information is then correlated with the system output. SVR
has the advantage of high predictive capability as minimizing model
complexities [25]. Eq (2) presents its overall regression function,
where w is the weight vector, x is the input data,  is the kernel
function, and b is the bias.

f(x, w)=wT
(x)+b (2)

The parameter estimation is given by minimizing Eq. (3), in
which ||w||2 is the model complexity,  is the error tolerance, and
C is a scalar value to control the trade-off between both of them
[14]. In this study, the -insensitive loss function is adopted to
ensure that a error greater than  is penalized as shown in Eq. (4).

(3)1
2
-- w 2

 +  C i
i1

m


w, b, i

limmin

Fig. 3. Comparison between mill measurements (blue line) and model estimates (red lines) for the boiler pressure drum, steam flow rate,
and SO2 and H2S emissions.
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subject to

(4)

This work used the radial basis function (RBF) as the kernel func-
tion, where  is a free parameter in Eq. (5). In RBF-based SVR, C,
 and  should be specified by the user. In this study, these values
are optimized by using the PSO technique. Detailed concepts and
equations regarding SVR may be found in Vapnik [14].

(5)

Fig. 3 shows the results of four regression models, whose param-
eters are optimized by PSO. These models can be applied to find
the stochastic optimal design variables. Regarding the SO2 predic-
tion, it can observe values above 500 ppm. They are associated with
a sensor fault. Except these, most estimates are satisfactorily close
to the mill measurements.
2. Sensitivity Analysis of Random Variables

To identify how much each random variable affects the objec-
tive function, a sensitive analysis was carried out. Due to their dif-
ferent scales, all random variables were normalized. The sample

points of normalized random variables were selected with equally
spaced intervals from their nominal values. The changes in the ob-
jective function were evaluated according to ±100% changes in the
standard deviations of the random variables (, 0.8, 0.6, 0.4,
0.2, 0, 0.2, 0.4, 0.6, 0.8 and ). A specified random vari-
able was investigated at a time while keeping the remaining vari-
ables fixed in their respective nominal values.

Fig. 4 shows the results of this sensitivity analysis study. The im-
pact of each random variable is depicted in Table 2 in a quantita-
tive way. It can be observed that four variables present larger impacts
on the objective function (last column; Ranks 1-4). The next section
describes the strategy for building a stochastic optimization problem.

SAMPLE AVERAGE APPROXIMATION

The aim of stochastic optimization is to find the optimal values
for decision variables. Given the consideration of random variables,
it yields to the best average performance of the objective function.
A stochastic optimization may provide more realistic solutions than
a deterministic optimization, depending on the strength of the im-
pact of the random components [16,22]. In stochastic optimization
approaches, highly complex nonlinear models are generally decom-

i  
yi  f xi, w    , if yi  f xi, w  

    0,                               otherwise



K xi, xj      xi   xj      
x   x'
22
--------------

 
 exp

Fig. 4. Sensitivity analysis study over the steam flow rate variable.

Table 2. Sensitivity analysis study: Rank of the effects of the input variables over the steam flow rate variable

Random variable Nominal value± Absolute average slope
[ton/(hour∙)] Rank

Fuel flow rate 109.40±9.130 1.50 1
Fuel pressure (Wall 2&4) 00.90±0.08 0.11 7
Fuel pressure (Wall 1&3) 00.90±0.07 0.05 9
Dry solids content (Measure 1) 68.20±1.66 0.34 3
Dry solids content (Measure 2) 68.20±1.62 0.53 2
Primary air pressure 37.40±7.04 0.23 4
Secondary air pressure 202.80±18.54 0.13 6
Tertiary air pressure 200.20±17.11 0.10 8
Boiler drum pressure 73.50±1.91 0.17 5
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posed into a few linear models, making use of their convexity and
differentiability. In case of variable load, more than one lineariza-
tion procedure might be needed. Unlike, the boiler of the case study
operates close to its maximum capacity rate (MCR) throughout the
period.

In this study, the SVR-based objective functions are black box
models; hence, mathematical equations are not revealed. This fact
makes the adoption of the general stochastic optimization approach
impossible.

To solve this problem, several researchers have studied approxi-
mation methods. They can be divided into two major approaches
[26]. The first decomposes the feasible sample spaces, and the con-
vergence around the optimal solutions occurs as iterations increase.
However, for decomposition, the differentiability of constraints should
be available since it is necessary to obtain their convexity and mono-
tonicity. Since the models in this study are not explicit, the differ-
entiability of the constraints is not available.

The second approach, Monte-Carlo sampling-based sample aver-
age approximation (SAA), is used. This technique generates sce-
narios through the combination of the sampling points of a random
variable set, and the optimal solution is then investigated [16,22].
This means that this solution provides the best performance of the
objective function, on average, in the scenarios. This can be easily
used without the need for differentiability, even if the model is very
complex and highly nonlinear. Since it may suffer from the curse
of dimensionality, a huge amount of computational processing is
required, which means that the number of scenarios may grow
exponentially. The key issue is how to reduce the number of sce-
narios to avoid the curse of dimensionality if the random variable
subset is relatively large. This can be formulated as in Eq. (6);

(6)

where f is the objective function, Q is the set of design variables in
all possible scenarios, k indicates each scenario, and N is the total
number of scenarios. The goal is to find the best Q solution.

In this study, it is not feasible to employ gradient-based optimi-
zation solvers to find the optimal Q, since the objective function is
an empirical and not explicit model regarding the boiler process.
For this purpose, PSO, a gradient-free optimization solver, was em-
ployed. This solver may handle empirical black box or highly non-
linear models.

According to the sensitivity analysis results, the variable subset
with the most significant effects on the objective function was identi-
fied. To control the number of scenarios, the number of sampling
points from negligible variables was reduced.

PARTICLE SWARM OPTIMIZATION (PSO)

Due to the infeasibility of employing a gradient-based optimiza-
tion solver, the stochastic optimization problem in this study was
solved with the original PSO technique. This is a representative pop-
ulation-based heuristic optimization technique, and so without the
need for explicit derivatives [27]. First, a population of particles, called
a swarm, is randomly generated on an N-dimensional search space.
The position and velocity of the particles are then updated accord-

ing to the historical best solutions [28]. At the end, they converge
to the best optimal solution. The original PSO can be easily applied
to black-box models where governing equations are not revealed.
Additionally, it is a relatively small parameter set in comparison
with other population-based heuristic optimization techniques such
as the genetic algorithm. More detailed concepts and steps can be
found in the work of Schwaab et al. [29].

THE OBJECTIVE FUNCTION

In this study, the stochastic optimal solution is defined as con-
cerning the minimization of the expected value of an objective func-
tion in scenarios generated by random variables. The objective
function (F) is given by Eq. (7);

subject to

(7)

Ri is the limit value of emissions for chemical compound i, and
Ci ensures a penalty when a predictive emission for i is larger than
this threshold. W is the weighting value to penalize the violation
of emission regulations; k is a scenario generated by the combina-
tion of sampling points, and N is the number of scenarios; u(t) is
the set of decision variables; and E[F(u, )] is the expected value of
the objective function given all scenarios. In this study, two hun-
dred sets of decision variables were randomly generated, and the
expected values of the objective function were then evaluated. They
were updated via PSO at each iteration, and the stochastic opti-
mal solution was finally reached.

RESULTS AND DISCUSSION

The stochastic optimization problem for a boiler process was
constructed to maximize the expected value of an objective func-
tion under all scenarios generated by the combination of random
samples. From the previous sensitivity analysis results (Section 3.2),
the variables which had significant effects on the objective func-
tion were identified. To control the number of scenarios, the num-
ber of sampling points on negligible variables was reduced, and in
the opposite direction they were increased for the significant vari-
ables. Five sampling points were randomly generated for the fuel
flow rate, dry solid contents (measures 1 and 2) and primary air
pressure, and three samples were randomly generated for the other
variables. It was assumed that all random variables followed the
Gaussian distribution. The total number of scenarios was 54×35=
151,875. For 100 sets of decision variables randomly generated
and updated through PSO, 1.51875×107 calculations should be
accomplished at each iteration as well as 100 expected values of the
objective function. This study worked with 200 sets yielding 3.03750×
107 calculations every iteration. An unappreciated fact of a SAA-
based stochastic optimization is that a global stochastic solution

fˆN Q   
1
N
---- f Q, k 

k1

N


maxuE F x t  , u,  

Ci
Yi x t , u, BP t  1     Ri, if Yi  Ri 0
0, otherwise




F x t , u, BP t  1     Y1 WSO2
CH2S   WH2S CH2S 

E F x t , u,      
1
N
----t1

T k1
N F x t , u, k 
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cannot be found. To overcome this disadvantage, a series of simu-
lations were performed. The CPU time for one iteration, with an
AMD Athlon 2.9 GHz, was equal to 1,013,234 seconds. This com-
binatorial optimization problem is shown in Eq. (8) where  is the
set of scenarios generated by sampling points on random variables.

(8)

To verify the efficacy of the stochastic optimization, a determin-
istic solution was also investigated. In this case, all random variables
are set to their respective nominal values. The values of the objec-
tive function for both approaches were then evaluated given the
data set of the boiler process. Table 3 summarizes both the sto-
chastic and the deterministic optimal solutions, and Table 4 shows
the optimal values for both objective functions given by Eqs. (9)
and (10), respectively. It can be observed that the objective func-

maxut1
2,928k1

151,875E F x t , u, k  

Table 3. Result of the stochastic and deterministic optimization approaches: Final design variable values
Design variable Stochastic solution Deterministic solution
Fuel temperature 125.47 oC 125.46 oC
Primary air flow rate 147.49 ton/h 146.94 ton/h
Primary air temperature 148.16 oC 148.08 oC
Secondary air flow rate 205.36 ton/h 208.47 ton/h
Secondary air temperature 163.10 oC 163.06 oC
Tertiary air flow rate 51.08 ton/h 51.47 ton/h
Tertiary air temperature 34.34 oC 34.47 oC

Table 4. Results of the stochastic and deterministic approaches: Final objective function values
Result Stochastic solution Deterministic solution
An average value of an objective function 307.252 ton/h 301.373 ton/h
Standard deviation 20.680 22.808

Fig. 5. Differences between the stochastic and the deterministic optimal solutions for the steam flow rate (Positive values indicate the best
performance of the stochastic optimal solution.).

tion value of the stochastic solution was higher. Since the deter-
ministic solution ignored real changes in the random variables, the
stochastic optimal solution provided better results in real scenar-
ios. There were no violations concerning the levels of SO2 and H2S
emissions in both approaches.

ud*=argu maxE[F(x(t), u, E())]    Deterministic solution (9)

us*=argu maxE[F(x(t), u, )]    Stochastic solution (10)

In this study, the value of the stochastic solution (VSS), given by
Eq. (11), is introduced. The positive value, equal to 5.880, means
that the stochastic solution's average performance is better than the
deterministic one. This difference can be seen in Fig. 5 under real
scenarios. To evaluate its efficacy more accurately, a paired statisti-
cal hypothesis t-test considering the difference between both solu-
tions, was employed [30]. Eq. (12) shows the formulation, in which



A sampling-based stochastic optimization for a boiler process in a pulp industry 595

Korean J. Chem. Eng.(Vol. 37, No. 4)

d and sd are, respectively, the mean and the standard deviation of
the paired variable, and N is the number of scenarios. A significance
level () of 1% was adopted, i.e., the critical limit, t0.01/2, is equal to
2.58. The confidence interval for d was given by 5.880±0.103,
with a lower limit of 5.777. These results show that the stochastic
optimal solution provided higher steam production by at least 1.914%
in relation to the deterministic solution. Moreover, the steam flow
rate provided by the stochastic solution was 3.17% greater than the
mean real value. Fig. 6 shows that its performance surpassed the
mill values with respect to boiler steam generation. Therefore, the
stochastic optimal solution considering random variables presented
the best performance without emission violation.

(11)

(12)

CONCLUSIONS

Four discrete models were set, since this number is enough to
satisfactorily predict the process target variables according to the
available process knowledge. Conventional simulators are not able
to mimic the reboiler process; therefore SVR was employed to make
four regression models and used to find the optimal operational
condition. A set of SVR models were identified with the aim of
representing the boiler process and the environmental restrictions.
To maximize steam generation and avoid violating regulations as-
sociated with pollutant emissions, the stochastic optimization prob-
lem was generated due to the existence of random variables. Because
the mathematical models of SVR were not revealed, SAA based

on Monte-Carlo sampling was implemented. Moreover, since there
are many unknown physicochemical phenomena and the deriva-
tives of SVR models were not available, a gradient-free based PSO
technique, which is easily combined with empirical models, was
used to investigate a stochastic optimal solution. To verify the effi-
cacy of a stochastic optimal solution, VSS was evaluated based on
the deterministic solution. The results show that steam generation
under a stochastic optimal solution was more improved than that
under real data conditions. Furthermore, VSS values indicate that
the stochastic optimal solution provided more steam generation
than the deterministic solution ignoring random variables. There-
fore, a stochastic solution may provide more accurate results in com-
parison to the deterministic approach by taking into account the
stochastic nature of the process variables. Because the proposed
method is based on SVR, which is a black box model, and PSO,
which is a gradient-free technique, it can be easily applied to vari-
ous problems including various random variables.
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