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Abstract

The present paper proposes a stochastic model for soybean oil extraction, introducing an automated and reliable method for
flake thickness control. In this production process, to have a robust solution, we must consider the uncertainty arising, e.g.,
from inaccurate sensor readings and unforeseen changes in production. The main objective is to maximize the oil extraction
by keeping the thicknesses of the soybean flakes within an operating range. Data collection performed in the industrial plant
made it possible to analyze the input data with their respective outputs. A methodology based on multiple linear regression
was used to describe the relationship between the variables. We propose a mathematical stochastic model to obtain pres-
sure setpoints that produce flakes as ideal as possible for oil extraction. The results reported time and quality improvements

within the production process.

Keywords Mathematical modeling - Two-stage stochastic program - Soybean oil extraction - Industry 4.0

1 Introduction

Currently, the growing complexity and the creation of new
requirements for efficiency in the industrial environment
have changed the way industries operate. In an attempt to
adapt to new and improved ways of operating, technologi-
cal resources have become a strong ally of industrial sectors
and give birth to so-called fourth industrial revolution, or
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industry 4.0. In this context, the fusion of the physical and
digital worlds impacts on relevant aspects for the industry
such as productivity, cost reduction and process control.
The main point is how the information can be used by plant
facilities to lead a profound transformation in the whole pro-
duction chain [1].

Like other activities in the industrial sector, the produc-
tion of soy is among the economic activities with expressive
growth in the last decades. The increase in soybean produc-
tion can be attributed to several factors with highlights for
the oleaginous used for food. The production of soybean
oil grows at a significant rate of 3.82% per year. China, the
USA, Brazil and Argentina are the countries that produce
the most soy oil, being together responsible for 79.01% of
the total production [2].

In this paper, we will be dealing with a specific part of the
production process of soybean oil within a large oil extrac-
tion industry. The main objective is to maximize the oil
extraction by keeping the thicknesses of the soybean flakes
within an ideal operating range. A rolling mill machine con-
trols the thickness through hydraulic pressures, which have
to adjust to guarantee the flakes with the expected thickness.
These pressures are adjusted manually by plant operators
based on measurements taken using micrometers. There are
inaccuracies in the micrometers and manual adjustments;
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hence, the samples measured become not reliable compro-
mising the overall adjustments in the rolling mill. However,
the primary source of uncertainty in the soybean flaking pro-
cess is moisture, directly affecting its internal resistance dur-
ing flaking. These aspects require constant pressure changes
in the machine to maintain the thicknesses in the optimal
ranges. Considering all these aspects, applying deterministic
models to solve the problem does not guarantee a solution
that meets the industry’s needs.

Stochastic models are widely used in the literature for
various industrial problems [3—7]. Thus, the main contri-
bution of this study is a stochastic model for soybean oil
extraction, from which we propose an automated and more
reliable method for flake thickness control, employing
regression analysis and stochastic programming. To the best
of our knowledge, there are no literature works dealing with
uncertainty in the soybean oil extraction process [8—11].
We report an actual case study with the full development
of the decision-making method that automatically controls
the thickness of the flake. Several experiments evaluate the
method results when compared against the industry’s current
manual approach.

The paper is organized as follows: Section 2 describes
some related works to the research under study. Section 3
contains the complete problem description. Section 4 details
the method proposed, while Sect. 5 reports the computa-
tional results. Our conclusions follow in Sect. 6.

2 Related work

The present work will propose a method to improve the effi-
ciency of the rolling mill, which is the machine employed
in the mechanical processing of flaking the crashed beans.
The rolling mill modifies the cross section of crashed beans
through the passage between two cylinders, where the dis-
tance between the two cylinders is smaller than the initial
thickness of the crashed beans.

This technique is widely used in industries, e.g., the
authors in [9] conducted experiments to observe the effects
of operating conditions on the performance of rolling mills
in a steel plant. The objective was to find configurations of
the rolling mills that shape the ingots to the desired dimen-
sions. The authors in [12—-15] address also related techniques
to improve the performance of rolling mills in metallurgical
industries. It is proposed a study by [16] on the rolling of
plastic sheet in which plastic sheets need to be rolled with
different thicknesses. All the mentioned works show how to
obtain adjustments to reach some specific thickness through
mathematical modeling. However, the models for metallur-
gic or plastic industries cannot be straight applied to the
soybean oil extraction scenario. We must deal with specific
constraints not handled by these previous works.
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In the soybean context, the authors in [8] propose a study
to establish the differences between high pressure and extru-
sion when determining how high-pressure processing modi-
fies the structures of soy cells. The effects of moisture on
soybean oil quality were reported in [10], in which experi-
ments were conducted at a factory in order to establish the
optimal moisture content to maximize oil recovery at extrac-
tion. These studies give us useful insights to defining our
mathematical approach, since aspects such the moisture of
soybean will impact over the process of oil extraction.

After the soybeans be crashed, the flake thicknesses pro-
duced are another relevant aspect to be considered in the oil
extraction. The industries need to optimize the flake thick-
nesses, and the authors in [17] report the impacts of the
physical properties on the thickness of the flakes. The results
showed that the increase in the flow rate thrown the machine
leads to increase in the thickness of the flakes. They report
that the change of pressure parameters in rolling mill only
has limitations to adjust the flakes in the ideal operating
ranges. The authors conclude that modifications of the met-
allurgical properties of the rolls and to deal with viscosity
properties of the soybeans are possible means for optimizing
flake thickness.

A dynamic model of the rolling mill, based on flatness
and integrated thickness control, is reported in [18]. The
rolling process is simulated, and the dynamic characteristics
of thickness and flatness are obtained. The rolling mill rolls
wear out over time, and the thicknesses of the materials will
not remain in the ideal operating standard. In this sense, to
obtain high-quality products, the authors in [11] propose
precise methods to predict the deformation of the roll. The
aim is to achieve fit parameters such as the bending force of
the roll and the displacement of the roll.

There are works focusing in new trends or more easy and
precise technology options for the industry as reported in
[19]. In this context, mathematical modeling and its opti-
mization in industrial problems have become increasingly
effective and able to set parameters of machines. The mod-
els usually minimize costs while keeping quality constraints
related to the final products [20-22] . Considering these
aspects, it should be taken into account that the production
process suffers variations from several sources of uncertain-
ties in real environments. The uncertainties are caused by
machine malfunction, mechanical wear on the machines,
sensor error, sensor inaccuracy, lack of data, among others.

The treatment of uncertainty in models has become
increasingly relevant. The authors in [3, 7] approach sto-
chastic modeling techniques to treat the production process
in industries considering real contexts. The objective of
both works is to represent the reality of the plant consid-
ering possible unforeseen events that may actually happen
in the real world. The results showed that the approaches
were able to obtain solutions compatible with the reality
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Fig. 1 Soybean oil extraction
process

Raw Soybeans

of the production process under study. The works in [4-6]
address uncertainties in the production process with stochas-
tic models outperforming deterministic ones. The optimal
value of the optimization model was properly approximated
when using an enough number of scenarios in the stochastic
approach. However, to the best of our knowledge, it was
not found in the literature studies proposing treatments of
uncertainties within the production process of soybean oil
extraction.

3 Problem description

Figure 1 illustrates the transformation flow of the soybean.
Initially, we have raw soybeans that go through the creak-
ing mill equipment with two pairs of rollers, reducing the
size of the material and facilitating to remove the hull in
next steps. In the rolling mill equipment, the creaked beans
become small flakes that are easier for the solvent to break
oleaginous cells. Finally, the oil is extracted and bottled.
The present work focuses on the soybean flaking process,
where a better thicknesses must be obtained to maximize
oil extraction.

The soybean moisture impacts the thickness of flakes
produced by the rolling mill. Thin flakes are obtained from
wet beans, while thicker flakes come from dry ones. Thin
flakes break easily becoming difficult the circulation of sol-
vent during the extraction, and it can clog the filters causing
stoppages in the production process. The thick flakes hinder
the solvent’s action, decreasing the extraction efficiency. The

Fig.2 Equipment and informa-
tion about the rolling mill rolls
(23]

(a) Soybean rolling mill equipment.

Cracked So

R

):k.)eans Soybean Oil

soybean temperature can also influence the thickness of the
flakes, but the temperature is controlled in the process stud-
ied, where the temperature remains as constant as possible.
Thus, we did not find a relevant correlations between the
temperature and the other variables considered on this study.

Figure 2a illustrates a typical rolling mill equipment used
in the soybean flaking process.

The rolling mill has an entrance that controls the flow of
the crashed soybeans that will go through the flaking pro-
cess. If the flow is reduced, the rolling mill will produce
thinner flakes; on the other hand, higher flow leads to thicker
flakes. There are two smooth cylinders with opposite rota-
tions as shown in Fig. 2b. The distance between these rolls is
relevant to produce flakes with adequate thickness. The dis-
tance (d) between the rolls results from the hydraulic pres-
sure force and the resistance of the material being rolled.
The roll adjustment is made by hydraulic pressure where if
the flake is thick, the pressure is increased. In this case, the
rollers come closer to generate thinner flakes. Otherwise, the
pressure is decreased for thicker flakes be produced.

The moisture control of the soybeans is essential because
soybeans with moisture below 9.5% lead to beans with a
reduced size that impairs oil extraction. On the other hand,
moisture above 11% leads to a more difficult breakage since
many grains are crushed, making it difficult to separate the
husk. The ideal standard would be a soybean between 9.5
and 11% moisture, both for breaking and flaking the soy-
bean. Moisture is measured using a near-infrared (NIR)
sensor, subject to uncertainties arising from measurement
failures. These issues prevent effective decision-making in
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(b) Rolling mill information.
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practice. Details regarding the stochasticity of the problem
are reported in Sect. 4.2.

Two pneumatic actuators execute adjustments based on a
setpoint that guarantees continuous pressure through closed-
loop control. The proposal aims to find the optimal setpoints
for the actuators that guarantee suitable flake thickness. In
this case, there is no closed-loop control for the sheet thick-
nesses without sensors capable of obtaining these measure-
ments. In these industries, manual pressure adjustments are
standard. Therefore, a structural adaptation in the equipment
was necessary for pressure adjustments in an automated way.
A rectifier operation of the rolls is performed monthly since
there is a wear of the rolls over time.

The authors in [24, 25] suggest as ideal to work with
thickness of flakes from 0.2 to 0.4mm, and pressure between
50 and 70 bar in the rolling mill. The authors in [26] state
that the ideal thickness of flakes is between 0.25 and
0.35mm. Figure 3 represents the advantages and disadvan-
tages of adopting certain thicknesses ranges of flakes, based
on some data collected in the industry. There are two func-
tions where the first describes the impact of the thickness
increase on the amount of oil that is lost during the extrac-
tion process. The second function describes the problems
of filter clogging in relation to the thickness of the flakes.
The aim is to combine these two factors in order to obtain
efficiency in oil extraction. Therefore, based on this analysis,
the ideal thickness of flakes adopted in this work ranges from
0.35mm to 0.40mm.

To sum up, we have a rolling mill machine that receives
crashed soybeans, which the level of moisture can vary dur-
ing the processing to create flakes, and the flow of soybeans
as well as the pressure over the cylinders impacts over the
thickness of the flakes. The production of flakes is critical
with thickness between 0.35mm and 0.40mm, since it will
become more efficient the oil extraction. The problem is to
reach such efficiency in terms of thickness by executing an
automatic adjust of the pressure. The problem itself is physi-
cally a complex interaction between the pressure forces on
the rolling mill and the internal resistance of the soybean.

Fig. 3 Influence of flake thick-
ness on the extraction process 5%
(approximate behavior) (For
confidentiality reasons the
original values were omitted, so
the graph is merely illustrative
showing only the approximate
behavior)
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However, the ranges practiced in the industry for an ade-
quate flake thickness make the problem restricted, allowing
multiple linear approximations to model the problem with
minor errors. The proposed method to solve such problem
is described next.

4 Methods
The method follows two main steps:

1. Apply multiple linear regression analysis to establish
relationships between problem variables.

2. State a stochastic mathematical model to deal with the
uncertainty related to the problem variables and data.

The multiple linear regression analysis is defined in the
learning phase of the method, where some functions of
interest are stated based on data provided by the industry.
These functions are handled by the mathematical model to
make decisions. Figure 4 illustrates the proposed method
when working online. The sensing on the rolling mill will
provide the input data that feed the decision stochastic model
at each instant t. Next, the stochastic model is solved, and
the pressure setpoint will be sent as output to the rolling mill
at instant t + 1. At this point, the industry demands that a
decision takes less than one minute to be made.

4.1 Multiple linear regression analysis

The main decision variable in the problem is the pressure to
be applied by the rolling mill equipment. Hence, data were
collected in the industry by changing pressure in the rolling
mill and evaluating the impact over the parameter: thickness,
flow rate and moisture. This analysis determines the flow
rate by opening a valve that controls the production flow
following a scale from 4 (minimum flow of raw material in
processing) to 7 (maximum flow).

——residual oil filter problems
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~ideal range
~ of operation 5%
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Fig.4 Method working online

Input Data
Instant t

First, a set of 29 experiments was performed in the rolling
mill whose results are in Fig. 5.

Next, we decided to apply multiple regression analysis
to find electrical current and thickness values based on the
pressure and some problem parameters. Multiple regression
analysis aims to establish relationships between several vari-
ables within a process and their respective results [27]. Thus,
the analysis states the relation between dependent variables
and independent ones.

Fig.5 Experiments performed 11 -

and flake thickness resulted 10 4

moisture (%)

flow rate
()]

pressure (bar)
3

thickness (mm)
o
8

Decision
Stochastic Model

Output Data

Instant t+1

Equation (1) represents a multiple linear regression model
with n independent variables [28].

Y; =Py + Bixy; + Boxyi + Paxz + o0 + Bx,, + € ()

Y;: response variable (dependent variable);

X;;: independent variables, where j = {0, 1, --- n};
By: independent term of regression;

B;: regression coefficients, in which j = {1, ---n};

1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29

experiments conducted
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Table 1 Estimated parameters through multiple linear regression

Table 2 Estimated parameters through multiple linear regression

Coefficients Estimation Coefficients Estimation
Current b 24.6447 Thickness b K,

i 1.1170 A -0.0037

b -1.4199 b, -0.0350

b5 7.2613 b3 0.1188

e ¢;: experimental error.

Through the physical characteristics of the rolling mill, the
pressure applied to the rollers, the material flow rate and
the moisture influence the motor current. In turn, the flake
thickness is affected by the motor current that highlights the
work done by the rollers, the flow rate and the moisture con-
tent. Ideally, the plant works with moistures between 9.5%
and 11.5%; high moisture reduces the material’s resistance,
which leads us to generate thinner flakes, while low moisture
produces thicker flakes. The practiced intervals for the flow
are between the minimum and maximum values for the flow
rate of raw material in processing. Setting the flow rate is a
tactical decision to reach a productivity target. For example,
increasing the flow rate implies thicker flakes because the
work done by the rollers is distributed to a more extensive
set of materials.

Thus, the application of multiple regression analysis, over
the data collected, allows us to state a relation between the elec-
trical current in the rolling mill engine and pressure (decision
variable), and moisture and flow rate (both problem param-
eters). Equation (2) was estimated to describe the variation of
the current based on those inputs. Table 1 shows the estimation
of the coefficients obtained by the regression method.

Thus, we have an estimated function for current based on
pressure, moisture and flow rate given by:

C(P,M,F)=1.1170 X P — 1.4199 X M + 7.2613 X F + 24.6447
(@)

Fig.6 Relation between real

=@— real current

C: motor electric current measured in amperes (A);
P: pressure applied to the equipment measured in bar;
M: soybean moisture measured in percentage (%);

F: flow rate of processed material measured in cm/s.

Figure 6 compares the real electric current data from
industry and the data obtained through the estimated func-
tion. The estimated function has an expected behavior with
an average error of 2.33%.

Similarly, it was defined a function to estimate the aver-
age thickness of flakes having as input: current, moisture
and flow rate. Table 2 shows the coefficients obtained
through multiple linear regression.

The function is given by Eq. (3):

T(C,M,F)=-0.0037x C—0.0350 x M +0.1188 X F + K,
(©)

e T: thickness of the flake measured in millimeters (mm);
e K,: calibration constant for roller wear.

The constant K, must be calibrated, taking into account the
roll’s degradation over time once its performance directly
influences the outputs. The authors in [11] proposed cal-
culations to predict such wear.

Figure 7 compares the real data and the data obtained
through the estimated function (3). The estimated function
also has the expected behavior, with an average error of
3.95 %.
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Thus, the data analysis revealed as factors that contribute
most to the final consumed current: pressure (48%), flow rate
(43%) and moisture (9%). The factors that most contribute
in the thickness are: flow (58%), current (25%) and moisture
(17%). Based on this estimation, it is possible to build a
stochastic model to make decision on the problem.

4.2 Stochastic model for optimum rolling mill control

We propose a mathematical decision model (decision) to
optimize pressure adjustments, where the main constraint
is to keep the thickness of the flake within the ideal operat-
ing range. To meet these requirements, we first started with
the prediction model (prediction) described in the previous
section, which estimates the flakes’ thickness based on the
input parameters. Figure 8 summarizes the relation between
these two approaches.

The application of deterministic mathematical models for
problems in real production planning is widely used in the
literature [29-32]. These models assume exact knowledge
of the system and perfect measurements. However, there are
many sources of uncertainty in the real production scenario,
and that is the case for the problem at hand here. Therefore,
the proposed study innovates by applying stochastic models
to soybean flaking to maximize oil extraction.

The uncertainty is mainly related to inaccurate sensing
in the flaking process. Therefore, we assume the moisture
obtained through a near-infrared (NIR) sensor is an uncer-
tain parameter, and, through the data analysis, the moisture
follows an approximately normal probability distribution as
shown in Fig. 9a. Figure 9b shows the distribution of mois-
ture measurement errors through the NIR sensor.

Thus, the variation of the moisture (M) can be described
as a normal distribution with mean M and standard deviation
w, following Equation (4).

Fig. 7 Relationship between

the measured thickness and 0.55

== real thickness

,,,,,,,, Prediction ... Decision
Y -
data input data input
eCurrent ®Pressure
0 ® Moisture " ® Moisture
4] eFlow rate g ®Flow rate
9] 9]
o o
s thickness Q pressure
S ‘estimation model 2 setpoint model
o e Equation (6) ; ©O| /eEquations (5) to (11)
data output § data output
e Thickness ® Pressure setpoint
L 7

Fig. 8 Flowchart of prediction and decision methods

M ~ N(M, w) “

Applying the two-stage-stochastic technique [33], the
first decision to be made is about the pressure used on the
machine. This decision is made without complete informa-
tion which characterizes the first stage, and the other deci-
sions are made based on the previous one.

The second stage is divided into a set of discrete scenarios
s = 1... S with a probability of p, = éto happen. Each s sce-
nario represents a possible configuration in terms of moisture
(M,), and we can make optimal subsequent corrective deci-
sions, in terms of flake thickness (7',) and electric current (Cy),
for each one. Each decision variable in the first stage will be
considered as fixed for the second stage. This type of stochastic
treatment puts all the random information and the corrective
action decisions C; and 7 in the second stage. The scenarios
for moisture will be constructed through Eq. (4), where w is the
average variation of the moisture in a given period.

= = regression thickness
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(a) Histogram of moisture distribution.
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Fig.9 Frequency distribution histograms

Decisions on the first stage inviable at the second stage
are not valid. The optimal solution to the problem is to eval-
uate the best decision on the first stage that is feasible in both
stages, minimizing the thickness error in the second stage.
Thus, there is a subproblem to be solved in the second stage
for each s scenario, where M, is one of the deterministic
parameters and the pressure P is a fixed decision.

We have the following modeling for the problem: Eq. (5)
minimizes the module of the difference between variable T
and the ideal soybean pattern in the value of 0.375, weighted by
the occurrence of each scenario. The value 0.375 is the central
value in the operating range; therefore, the objective function
minimizes non-standard thicknesses in all possible scenarios.

min Y px |E; = 0375] 5)

Equation (6) obtains the estimation of the flake for a sce-
narios s.

@ Springer

T,(C,,M,,F) = —0.0037 x C, — 0.0350 x M, + 0.1188 X F + K, + W,
(6)

W, represents possible modeling errors from this linear
equation approximation that estimates the flake thickness.
The variation W, can be described as a normal distribu-
tion with zero mean and standard deviation ¢ according to

Eq. (7).
W, ~ N, o) (7)

Equation (8) gives us the ideal pressure to generate a elec-
tric current that produces a desirable flake thickness, based
on the input parameters for each generated scenario.

C,(P,My,F) = 1.1170 X P — 1.4199 X M, +7.2613 X F + 24.644 + Z,
®)
Following the previous treatment, the modeling errors Z;
can be described by a normal distribution with zero mean
and standard deviation y as shown in Eq. (9).

Z, ~ NO.y) ®

Equation (10) gives the boundaries for pressure allowed
when operating the rolling mill.

40 <P <60 (10)

Equation (11) determines the domain of the variables (7
and C).

T,C,eR (11)

5 Results

This section will present results about the validation of
the prediction step and the performance of the mathemati-
cal model. In all experiments, the mathematical stochastic
model generates 100 scenarios and the average value of the
pressure, solving each scenario, is set in the rolling mill.
The related linear programming model for each scenario is
coded and solved using the optimization solver CPLEX. The
computational tests run in a machine under 64 bits Win-
dows 10 operating system, Intel Core i5 with 2.70 GHz and
8 GB of RAM. Each scenario takes a few milliseconds to
be solved, and the overall evaluation of the scenarios takes
much less than 1 minute, which is the time limit demanded
by the industry for an automatic decision.

5.1 Validation of the flake prediction function

Function (3) estimates the thickness of flakes based on the
multiple regression analysis done over a set of 29 real data
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collected from the factory. The next step was to validate it
over 17 new real data collected during the normal operation
of the rolling mill. Figure 10 represents the results obtained
from the validation set.

In this case, we have an average error that reaches approx-
imately 3%. Thus, the function was able to predict flakes
thicknesses based on engine current conditions, soybean
moisture, and the amount of raw material being processed
within an acceptable error margin for the industry.

Table 3 represents the minimum (min), average (avg) and
maximum (max) thicknesses obtained by both methods. The
average estimated using the prediction model has a mean
percentage error of 2.87%. This analysis highlights the reli-
ability of the prediction method by obtaining measurements
for the flakes very close to the real ones.

5.2 Model validation over the first data set

The first evaluation of the mathematical model is carried
on the 29 set of data initially provided by the industry. The
pressure control obtained through the proposed model is
illustrated in Fig. 11.

In the set of experiments from 0 to 10, the pressure
returned by the model is maintained at the maximum values,
and the thickness is kept in the ideal standard value until the
moisture parameter becomes to decrease in the data set. The
soybean’s resistance increases as the moisture decreases,
becoming necessary to apply more tension to deform the
crashed beans in the ideal flake thickness. However, the pres-
sure is already at the maximum which reveals problems dur-
ing the previous drying process of the beans, or imprecise
data provided by the NIR sensor. Since there is no other way
to control the thickness with pressure, we have some flakes
out of the standard in the experiments 8 and 9.

The increase in the moisture for experiments 11, 12 and
13 leads to decrease in the tension to deform the crashed
beans. We had another decrease in moisture for experiments

Fig. 10 Validation of flake
prediction function

0.45
0.40
0.35

0.30

thickness (mm)

0.25

0.20

—o— real thickness

‘\\ \/*\/\/*"’/\ M

Table 3 Min, max and avg prediction function

Group Methods Real thickness Estimated Error(%)
thickness

min 0.3184 0.3114 0

avg 0.3513 0.3484 2.8780

max 0.3434 0.3939 10.8696

14, and the model set the pressure again to its maximum
value. In the experiments from 22 to 30, the moisture has
slight changes, but the flow has a drop. In this case, there
are a few crashed beans going through the rolling mill, so
the model takes this information from the flow rate param-
eter and decreased pressure. As soon as the flow begins to
increase, the pressure also increases. At the end, the flakes
did not remain in the desirable range only because the pres-
sure is already at the maximum value. Thus, it was not pos-
sible to handle better the increase in the flow rate given the
pressure boundary in the rolling mill. Both a high level of
flow rate and moisture contribute to thickness out of the
desired value in the last experiments.

5.3 Model validation over a new data set

The next test takes 17 new real data collected in the industry
under a regular operating condition. In this case, it was pos-
sible to compare the thickness of flakes generated through
our decision system and the thickness obtained by manual
operation. According to Fig. 12, the manual adjustments
were not able to keep the flakes within a range for all sam-
ples. The settings returned by the proposed model are able
to keep the flake thickness under control. The moisture and
flow rate parameters were ideal to obtain a high-quality soy-
bean lamination. These results validate the assertiveness of
the model. It is worth mentioning that, even in the optimal
conditions provided by the soybean input parameters, the

estimated thickness

5 7 9 11 13 15 17
experiments conducted
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Fig. 11 Relationship between
pressure setpoint and input
parameters

.

Flake
Thickness

Why? m

1 - high moisture
2-low rate
3 -low moisture
4 -low rate
5-high low rate

manual operation could not keep the flakes within the opti-
mal range of operation.

Figure 13 shows the pressure setpoint given by the
mathematical model and the pressure setpoint applied
manually by the operators. The operators’ pressures
remain at the upper limit most of the time, which generates
flakes in undesirable values since the change in moisture
directly influences the thicknesses obtained. On the other
hand, the mathematical model makes pressure decisions
different from manual operation, based on changes in input
parameters, to obtain better results as proposed.

From these results, we can conclude that the solutions
obtained through the proposed method are superior to
the manual methods used today in the industry. At the
moment, the lack of real data prevents us from evaluating
more situations for this problem. There is no sensing able
to measure flake thickness automatically in the production

Fig. 12 Thicknesses obtained
through manual operation and
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process, which becomes hard to build large data sets. How-
ever, the idea is to integrate soon the proposed method
in an automatic production process where such measure-
ments will feed our method in real time.

5.4 Operation analysis

In this last analysis, a test was performed considering the 24
hours of a specific operation day with fully data collected.
We evaluate the operators’ decisions made about three times
a day, and our method decisions made every one minute of
operation.

Figure 14 shows the input data for each time instant
analyzed. The flow rate is six during the first 11 hours
of operation, and it is decreased to five to satisfy other
industrial needs during the whole soybean process on that
operation day.

- -decision manual operation

decision model

0.40 -
0.35 h |
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thickness (mm)

0.25 -

A L

0.20 T T T

@ Springer

5 7 9 11 13 15 17
experiments conducted



The International Journal of Advanced Manufacturing Technology (2022) 121:2773-2786

2783

Fig. 13 Optimum pressure
obtained by model and manual 65

—e— decision model

decision manual operation

operation pressure

__60- »

©
Q 55

S 50
45 -

pressure

40 -
35 T T T

Figure 15 illustrates the pressure decisions made by
operators and the pressure decisions made through the
our method. In the manual operation, only two pressure
decisions were made, while our method suggested several
variations. Based on the pressures suggested by the manual
setting and our method, the flake thickness is estimated for
that period as shown in Fig. 3.

In the first 11 hours of operation, the decisions of both
methods are the same. The decision to keep the pressure at
60 is justified by the high flow rate. The moisture changes
within the ideal range (Fig. 14), but the flakes still tend
to exceed the upper limit (Fig. 16). Between 10:50 and
15:00 hours, the moisture decreases (Fig. 14) and both
methods suggest to decrease pressure to keep the ideal
flake thickness. However, the manual operation decided to
set pressure as 55 bar, leading the flakes to decrease their
thickness out of the ideal range of operation in Fig. 16. On
the other hand, our method decided for a lower pressure
close to 40 bar, keeping the flakes controlled and avoiding
thin flakes.

As the manual operation takes only two pressure deci-
sions, because it needs human intervention, the flake thick-
nesses are not well controllable. They stay out of the ideal

5 7 9

11 13 15 17
experiments conducted

operating standard for approximately 12 hours. Our method
would keep the flake controlled and stable during all the
operating process. Thus, an advantage of our method is
the continuous adjustment, once such settings will change
pressure as many times as necessary. It becomes possible to
avoid undesirable flakes in longer time intervals.

As shown in Fig. 3, the goal is to keep flakes in the ideal
range of operation, avoiding waste and filters problems.
Figure 17 shows the estimated percentage of oil lost in the
extraction process for both modes. These estimations are
based on the knowledge from the decision-makers in the
industry, after evaluating the performance of both methods.

As we can see in Fig. 17, our method obtains loss of oil
of 1.05% on average during the extraction process, while the
manual mode returns loss of 1.15% on average. The devia-
tion obtained through both modes is 0.11%. To sum up, in
the operation analysis, considering 24 hours of production,
we used the decision model to obtain pressure setpoints that
keep the blades optimized. This analysis compares the oil
loss of both methods, getting an average deviation of 0.11%.
Extrapolating this result, considering, for example, one year
of production, we can see that it would be possible to obtain
savings of approximately US$100,000.
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Fig. 15 Optimum pressure —— pressure model ——— pressure manual operation
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6 Conclusions

This paper introduced a stochastic model developed specif-
ically to attend a real industry scenario, where the extrac-
tion of oil must be maximized based on the thicknesses of
the soybean flakes. Thus, the proposed method adjusted
the pressure parameter in the rolling mill, employing
regression analysis and stochastic programming to support
decision-making. The multiple linear regression analysis
and the stochastic model are developed to deal with the
uncertainties from sensor measurements. The experi-
ments showed that the method outperformed the manual
operational currently used in the industry. The decision
made, using the stochastic model, keeps the flakes within
the required range of operation. The method improves the
whole process in the rolling mill in terms of time and qual-
ity. It takes much less than one minute to make a decision,
becoming possible to update in short time periods the roll-
ing mill pressure, based on the quality of flakes provided
in the input data. The results also reveal some possible
problems related to the production chain. For instance,
the method suggested a maximum pressure in some of
the experiments, but it was not enough to keep the flakes
within the standard thickness. This behavior can be caused
by a previous process, such as the quality control step for
beans provided by suppliers or the drying step that keeps
the right level of moisture during the storing. If there is
a problem with those previous steps, the rolling mill will
have problems to do its job properly. The mathematical
modeling developed is being used by the industry for a
decision-making process involving the complete soybean
oil extraction process. It is still a challenge to get the con-
stant degradation of the roll, a factor that influences the
thickness of the flakes. As future works, studies are being
developed to include the degradation of the roll, as well
as other possible parameters, which can lead to a more
precise description by the stochastic model, and better
decisions about pressure in the rolling mill.
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