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Evaluation of optimization techniques for
predicting exergy efficiency of the cement raw

meal production process

Anthony I. Okoji*******, Ambrose N. Anozie® and James A. Omoleye*

Abstract: In cement production, raw meal preparation and energy consumption
are extremely important for cost reduction. However, few studies have examined
the relationship between operational process parameters and exergy efficiency. For
this comparative study on predicting exergy efficiency of raw meal production,
adaptive neuro-fuzzy inference systems (ANFIS), multiple linear regression (MLR),
and response surface methodology (RSM) were used for a comparison of the pre-
dictive accuracy of these parameters. The study also suggests a routine for selecting
the best predictive model, which includes considering raw materials, primary air,
moisture content, and kiln hot gas flow. The established model was tested against
different indicators of predictive performance and found to be consistent. The
developed ANFIS, MLR, and RSM models accurately described the process (coeffi-
cient of determination, R? > 0.9000), and in each case, the absolute relative errors
(AARE) are 0.000692, 0.00422, and 0.00135. The current study has found that both
ANFIS and RSM predicted correctly and consistently better than MLR, but while
ANFIS and RSM produced similar results, ANFIS performed slightly better than RSM.

Subjects: Artificial Intelligence; Thermodynamics; Sustainable Engineering &

Manufacturing; Chemical Engineering

Keywords: Exergy efficiency; raw meal production; cement production; adaptive
neuro-fuzzy inference systems; multiple linear regression; response surface methodology
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The exergy efficiency of the cement raw meal
manufacturing process is investigated in this
study. The Aspen Plus process model was used for
plant modeling and evaluating the system’s
exergy efficiency using plant operational data. It
is worth noting that a mechanistic approach takes
time, so prediction models based on plant
operational data were created to overcome this
limitation. When the ANFIS, MLR, and RSM pre-
dictive models are compared, it is clear that the
ANFIS models have higher predictive capacities
than the RSM models, which are followed by the
MLR models. This could be due to the non-
linearity of the independent and dependent vari-
ables. However, the proposed models’
performances.
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1. Introduction

Cement manufacturers face economic and environmental challenges due to their high-energy
consumption. Periodic data collection on industry and other energy-consuming industries is crucial
to setting objectives for energy-saving studies (Madlool, Saidur et al., 2013). Atmaca and Yumrutas
(2014) suggested that an estimates of 54% thermal efficiency could be achieved by the cement
industry. This ultimately means that enormous amounts of energy are underutilized in cement
manufacturing which invariably makes the greenhouse gas emissions generated as a waste that
could be managed for sustainability goal. The large losses should not be regarded as an impossible
hurdle but as an opportunity for achieving technological improvements (Boyd & Zhang, 2013). The
cement raw mill is the primary piece of equipment used in the modern cement industry for the raw
meal production process. As a result, it is critical to investigate the exergy efficiency in a cement
raw mill in order to satisfy the need for the design and optimization of the cement plant
manufacturing process. Because of its significance, exergy as a tool offers excellent assistance
to all fields, particularly science and engineering, in the pursuit of sustainable development.
A system with a higher exergetic performance saves energy and benefits the environment .

The first law of thermodynamics helps quantify energy conversion in a phase; however,
the second law provides theoretical explanations for these conversions. It places constraints on
the energy quality and energy transformation direction (Smith et al., 2018). The concept of exergy,
which is based on the second thermodynamic law, has been widely applied to energy systems
(Han et al., 2018), resource economics performance (Mirhosseini et al., 2019; Mirzaei et al., 2018;
Song et al., 2019), and environmental impact assessment (Oni et al., 2017; Sogut et al., 2009). The
system can detect the location and magnitude of energy destruction in low-efficiency transforma-
tion sectors and provide data for accurate design, simulation, and optimization of rotary kilns and
grinding plants used in cement production. Fellaou and Bounahmidi (2017) applied an advanced
exergy analysis tool to assess the real potential for energy system thermodynamic changes by
separating exergy destruction into inevitable and avoidable parts. Taweel et al. (2018) presented
a temperature profile-based analysis of clinker in the grate clinker cooler. Shao et al. (2020)
investigated the heat distribution in the entire grate cooler system using experimental research
and numerical simulation. Shao et al. (2016) proposed an air distribution model using multi-
objective optimization techniques developed to address the issue of heat recovery in a cement
grate clinker cooler.Okoji et al. (2018) examined the thermodynamic efficiency of a cement raw
mill using the Aspen Plus software. Utlu et al. (2006) also assessed the energy and exergy
efficiency of a cement raw mill in the sector. Atmaca and Atmaca (2016) summarised the cement
production process in terms of exergy balance, illustrating that increasing energy efficiency can
help reduce energy consumption.

Previous works on energy efficiency have made use of mechanistic models, however, developing
such a model for complex processes, particularly integrating exergy efficiency as the second law of
thermodynamics may be complicated and time-consuming (Li et al., 2019). Data-driven models
such as Aspen plus, adaptive neural network and a fuzzy inference system (ANFIS), multiple linear
regression (MLR) and response surface methodology (RSM) models may be able to assist in
resolving these issues (Li et al., 2019)

RSM is a powerful mathematical tool for designing, modeling, and optimizing experimental
materials. It is an empirical modeling technique that is related to one or more responses to
individual variables. It is distinctive in that it provides information on the various models and
their interactions (Maddah et al., 2019). RSM has been used for the optimization, such as extraction
of Terminalia catappa L and Kernel oil (Agu et al., 2020); prediction of parameters of optimum
processes for activated rice husk carbon production (Mansour Ghaffari & Mostafa, 2011). MLR, on
the other hand, involves more than one input variable, which can contribute to a “multiple linear
regression” in many regression analysis applications. In this case, by modifying the linear equation
to the observed data, the MLR tests the correlation between two or more input variables to give
a desired output (Khademi & Behfarnia, 2016; Sadrmomtazi et al., 2013). While Jang and Sun
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(1995) developed adaptive neuro-fuzzy inference system (ANFIS) as a technique that combines the
capabilities of an adaptive neural network and a fuzzy inference system (ANFIS). This is an example
of neural networks, fuzzy system has a simple learning procedures with a good computational
strength, and ability to describe uncertainty (Malik & Rashid, 2000). Although the technique has
been used to model a variety of systems, there is little evidence of its use in cement raw meal
preparation processes.

Consider the following references for more in-depth discussion of other solutions, Awasthi and
Omrani (2019) applied a goal-oriented approach based on fuzzy axiomatic design for prioritising
sustainable mobility projects. Gharaei, Karimi et al. (2019) proposed an integrated multi-product
and multi-buyer SC under penalty policies, quality management practices, and a VMI with consign-
ment stock agreement. They explored the impact of augmented penalty algorithms using the
outer approximation including equality relaxation. The multi-objective, integrated economic pro-
duction quantity model by Gharaei, Hoseini Shekarabi et al. (2019) was based on quality assurance
and green policy considerations as well as stochastic constraints. As part of an integrated
approach, Sayyadi and Awasthi (2020) studied sustainable transportation policy evaluation using
system dynamics simulation and analytic network model. A stochastic maintenance quality model
for multi-component systems is investigated in Duan et al. (2018), which uses a simulated anneal-
ing algorithm to solve a complicated optimisation problem. Gharaei et al. (2020) addressed joint
economic lot-sizing problem in the context of integrated four-level SC planning, utilizing general-
ised benders decomposition to optimize the MINLP model. Hoseini Shekarabi et al. (2019) evalu-
ated integrated multilevel multi-wholesaler supply chains under the shortage and limited
warehouse space using generalized outer approximations (GOA) to determine the optimal lot-
sizing. Kazemi et al. (2018) analysed how defects affect order quantities and the impact of
emission costs on replenishment order sizes as well as the total profit of a retailer. Rabbani
et al. (2019) applied a decision model based on interval-valued fuzzy sets and probabilistic
statistical reference point systems for sustainable supplier selection under uncertainty to evaluate
the sustainability performance of suppliers. Rabbani et al. (2020) used a hybrid robust possibilistic
approach for a sustainable supply chain location-allocation network, and the AUGMECON2 method
for solving the model and gaining Pareto solutions. A simulation-based optimization approach
developed by Sayyadi and Awasthi (2018) for identifying key sustainability determinants assists
with identifying critical variables for meeting sustainability objectives in transportation. Tsao
(2015) used nonlinear optimization to solve a piecewise nonlinear problem in a carbon-efficient
supply chain network through trade credits. A non-cooperative game is used to model the relation-
ship between a single manufacturer and multiple suppliers with quality variations under uncertain
demands, according to Yin et al. (2016).

Most researches are focusing on the exergy efficiency and parametric study analysis of the raw
meal production process. However, there are little research on using the Aspen plus to evaluate
the exergy efficiency with the selected plant operational data which have influence on the
intensive property of the process and in addition, incorporating the predictive model to obtain
the optimal solution by validating with the plant operating data. In most cases, Aspen Plus must
generate the mass, enthalpies, and exergy of all the streams involved in order to evaluate exergy
efficiency, whereas ANFIS, MLR, and RSM brings to board improvement through predictive
approach because they do not require the rigors of measuring stream mass, enthalpies, and
exergy.

In this study, ANFIS, RSM, and MLR models are trained by using a large number of actual
production data to obtain the relationship between the exergy efficiency and the plant operational
parameters, and Minitab 17 software is employed to find the optimal input parameters to achieve
the maximum exergy efficiency. A set of Pareto optimal solutions is achieved with the selected
design operational variables, which are raw material feed flow (kg/h), HAG gas flow (kg/h), primary
airflow (kg/h), feed moisture mass flow (kg/h), Kiln hot gas flow (kg/h). The model can predict the
exergy efficiency and provide a reference for implementing optimum efficiency in enterprises
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Figure 1. Raw Meal Preparation
Flowsheet, source: .Okoji et al.
Okoji et al. (2018)

through simulations specific to existing data. The proposed approach is capable of generating
training data, enabling a network to be trained, and, in addition, for an early stop in prediction.
Early stopping of ANFIS means that their predictions are continuously monitored during training,
so that they are terminated when their predictions on testing data do not further reduce.
A model’s prediction accuracy is enhanced if the predicted target values are closer to the actual
experimental values.

2. Raw meal production process

The raw material used to produce clinkers is some naturally occurring minerals and some waste
materials available from other industries. Limestone (for calcium) mixed with much smaller amounts
of clay, shale, and sand are the most common mixture of ingredients (as a source of silica,
aluminum, and iron) as shown in Figure 1. The various raw material components are moved by
a standard belt conveyor directly through the rotary sluice into the mill with a capacity of
240,000 kg/h on a dry basis. The material was spinned by the table and found its way in between
the lowered rollers and the table for proper size reduction to take place. The spills material from the
table comes in contact with the upward movement of the hot gases through the dam rings caused
the ground material to be entrained in the hot air at a temperature of 430°C for proper drying and
transport into the classifier forming the upper part of the mill by the air stream. Fine particles exit the
separator at a temperature of about 85°C, while coarser particles are rejected and recycled for
subsequent grinding. Those parts that leave the mill with the exhaust gases are precipitated in
cyclones. The precipitate is transferred to a raw meals storage silo. A filter fan sends the now
cleaned gases to the atmosphere, but the residual fine dust, which is not precipitated in cyclones, is
transferred to the electrostatic precipitator, where dust trapped takes place. The raw meal with the
right chemical balance is a milled fine powder made from the raw materials. The chemistry of the
raw materials and the raw meal is very closely regulated to ensure a high cement quality. Material
homogenization is important for ensuring consistency in product quality.

Mass balance:

n n
Y Mip— X, Moyt =0 (1)
i=1 i=1

l Electrostatic precipitator
Cyclones ‘cprecip

Raw materials Mill fan

040 040040

Recycled material

1

Gas flow

\]
Separator

Fine product flow

»
v

Elevator load

Vertical Raw Mill

‘ . Raw mill power

Reject material

Silo

Kiln Hot gas
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Figure 2. Cement raw meal
production flow sheet repre-
sented with Aspen Plus process
model.

Where m is the mass flow rate of streams, in is the inlet condition, out is the outlet condition, i is
the ith stream, and n is the nth stream.

Energy balance:

n . n . no n
2 Qi+ X Ws = 3 moutAhout — Y, minAhiy (2)
i=1 i=1 i=1 i=1

Where Q; is the heat crossing the boundary of the plant’s component unit, W; is the shaft work
required or produced by the unit, Ah is the change specific in enthalpy of a stream for the ambient
condition.

Exergy balance:

n . T n . no no

> Qi(l - To) + 2 Ws + Y MineXin — Y, Mout€Xout = I (3)
i=1 i i=1 i=1 i=1
ex; = Ah — ToAs = (hj — ho) — To(Si — So) (4)

Where ex; is the specific exergy of a stream, T, is the ambient temperature, As is the change in
specific entropy concerning the ambient condition, s, is the stream-specific entropy at ambient
condition, s; is the specific entropy of a stream at the current state, I is the irreversibility of the
process (Utlu et al., 2006). The plant design and process input data obtained for the Aspen plus
process model simulation are presented in the Table 1 and 2.

3. Models development

3.1. Multiple linear regression model (MLR)

Finding a correlation between two or more variables involves many engineering challenges. The
quest of addressing this challenges birthed a simple statistical method called regression analysis
and ever since the scientists have always been interested in its application. It is generally possible

38

39
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to consider regression models as a method for fitting models to data. Using multiple linear
regression, the relationship between variables is explored as well as the summary of data. The
general form of multiple models of linear regression is expressed in Equation. (5) below:

Y= bo+ ¥ bXi (5)
i=1

where Y is the model’s output, X/s are the independent input variables to the model, and

bi,by,bjy ... b, are partial regression coefficients. To make the model’s performance compar-

able with that of the training set, the parameters are set to minimize variability. This study’s

multiple linear regression model demonstrates the relationship between operational data and the

exergy efficiency of the raw meal production process.

3.2. Response surface methods model (RSM)

Box-Behnken, central composite design (CCD), and factorial design are the three most widely used
RSM methods. The main composite design is a five-level design that combines axial points while
constructing the experimental runs, whereas the three-level designs include the Box-Behnken and
factorial design. By applying both ORIGINPRO 2019 and Minitab 17 software, the RSM modeling
was completed. This was also done to evaluate the interactive impacts on the exergy efficiency of
raw meal output of the independent input variables. The independent input variables were raw
material feed flow (kg/h), HAG gas flow (kg/h), primary airflow (kg/h), feed moisture mass flow (kg/
h), Kiln hot gas flow (kg/h).

The quadratic model has been used to express the behavior of the exergy efficiency (Y) system
response as a function of the independent input variables in Equation. (6).

The input variables were raw material feed flow (x1), HAG gas flow (x;), primary airflow (x3),
moisture mass flow(x,), Kiln hot gas flow(xs).

Y =80 + 61X1 + 62X + 63X3 + 84Xy + 55Xs5 + 511)(% -+ 522)(% -+ 533X§ + 544XZ
+555X§ + 612X1X2 + 613X1X3 + 515X1 Xy + 515X1Xs + 623 X2 X3 + 824X X, (6)
+625X2Xs + 834 X3Xs, + 835X3Xs + 045XuXs + €

where &y is the offset term or model constant; §1,6,, 83,84, 5 are the linear or first-order terms;
611,022, 033, 044, 055 Are the pure undl’CltiC or squared terms; 612, 013, 614, 015, 623, 024, 625, 034, O35, 045.
These are the quadratic function’s interactive terms; e is the random error term that makes uncer-
tainties between the values that are experimental and predicted. The acceptability of the quadratic
model was based on the p-value of the variance analysis and the coefficient of correlation (R?) value.

In evaluating the significance of the obtained regression model, the discrepancy between the
operational data and the expected values was used.

3.3. Adaptive neuro-fuzzy inference system model (ANFIS)

ANFIS was used to create a multi-input single-output (MISO) fuzzy model with five input variables
and one output variable to predict the energy efficiency of a raw meal production process.
Furthermore, Figure 3 depicts the architecture of the proposed ANFIS model, which is comprised
of five distinct layers: fuzzification, product, norm or standardization, defuzzification, and layers of
total production summation (Naderpour et al.,, 2010). The first-order Sugeno-type model, which
has five input variables with both Takagi and Sugeno’s fuzzy IF-THEN law, was used for this
investigation. Assuming there are two inputs (x, y) and one output (f) for the fuzzy inference
method (FIS) under consideration, the fuzzy rules apply as follows (Jang & Sun, 1995):

Page 7 of 18
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Figure 3. ANFIS model archi-
tecture with five input
variables.

Rule 1 — if x isA; and y isB1,then f; = p1x+ q1y + 1.

Rule 2 — ifx isA; and y isB;,thenf, = pax + qay + ra.

As Figure 2 shows, the ANFIS model architecture comprises 5 separate layers defined as follows,
each of them (Jang & Sun, 1995):

(1) Layer 1: This is the fuzzification layer, and any node I in this layer is transformed to
membership values by using the Membership function, as shown in Equation. (7):

OF = g () )

in which the input to node i is x, and the linguistic label associated with this node function A;.

2) Layer 2: Every node in this layer reproduces the input and sends out the results. Furthermore,
the firing power of each rule can be determined by each specific node in the same layer. This layer
is shown as an example in Equation (8) (Jang & Sun, 1995; Sadrmomtazi et al., 2013).

Wi:/‘A,-(y)X/‘B;(y)viZ]ﬂz ------ (8)

3) Layer 3: This layer is capable of normalizing values for membership. In this layer, the ith node
specifies the proportion of the firing power of the ith law to the sum of the firing intensity of all
rules. Equation (9) indicates the normalized firing force measurements in this layer for node ith.

Jd=12...... (9)

4) Layer 4: This layer, also known as the adaptive layer, could define the connection of the input
and output values as shown in Equation. (10)
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Of = Wi(pix +qiy + 1) (10
where w; is the output resulted from layer 3, and {p; + g; + r;} is the parameter set.
5) Layer 5: This is also known as the de-fuzzification layer. The later signal node is a circle node

labeled f° that computed the total output as the summation of all input signals shown in
Equation. (11).

05 = ywif - 2L

i i Wi

(11)

Using the hybrid learning algorithm, contexts and parameters are determined by combining least
squares and gradient descent. Lately, for its predictive purposes, ANFIS has implemented the
hybrid algorithm, which is an effective learning process. Many scientists have validated the hybrid
algorithm (Vu-Bac et al., 2014).

3.4. Performance criteria

In this analysis, statistical goodness-of-fit parameters were provided to compare the results
between the three separate ANFIS, RSM, and MLR models. The best predictor is the coefficient of
determination R? with Adjusted R%to verify the correlation efficiency of the model. Besides, some
statistical models have been used to measure the size of the error between the experimental
values and expected values. These include mean square error (MSE), root-mean-square error
(RMSE), sum square error (SSE), and absolute average relative error (AARE) as shown in equation
(Jian et al., 2011; Vu-Bac et al., 2014).

4. Results and discussion

4.1. Development of the model of mathematical regression by RSM

The results of RSM process modeling have provided a mathematical expression that relates to the
raw material feed, primary airflow, hot gas generator gas flow, moisture mass flow, and kiln hot
gas flow (i.e. independent variables) in terms of exergy efficiency (i.e. response) in terms of the
actual values, and are represented by the RSM. Equation. (18).

Y = 66.6 — 0.420X; — 0.0762X; + 20.02X3 — 0.9082X, — 0.0503X5 — 0.000153X2 + 6.245X?

+0.008198X%2 + 0.000313X2 -+ 0.000098X1 X, — 0.0195X1 X3 + 0.000967X1 X, — 0.000099X1 X5
— 0.04025X,X3 + 0.000911X,X, — 0.27029X3X, + 0.01652X3X5 + 0.001888X,X5
(18)

where Y is exergy efficiency (%),X; is the raw material feed (kg/h), X; is the primary airflow (kg/
h), X3 hot gas generator gas flow (kg/h), X, moisture mass flow rate (kg/h) and Xs kiln hot gas flow
(kg/h).

The value of R, which is close to unity, indicates that the operational data and expected values were
well correlated. Also, the value of R? indicates the model can explain 90.8% of the variance in the
operational data and expected values. R?, it implies a strong fit of the model that is similar to unity. The
description of each model terminology and its interactions have also been examined by drawing up
aPareto map (Figure 5d) using Minitab 17 software. The longer the bar, the greater the importance and
the insignificance of every bar. The figure shows that the most important model term was moisture
mass flow ratio, followed by hot gas generator gas flow, followed by kiln hot gas flow.

4.2. Parametric effect of using RSM model
The interaction between the five parameters examined for the exergy efficiency of the raw meal

production process was considered using three-dimensional surface plots (Figure 4a-e), which
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Figure 4. 3D surface plots by
RSM (a-d) and ANFIS (e-h).

(8)
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enabled visual observations to be made. The plots were created with the RSM design of experiment
(DOE) and Minitab 17 software.

(1) Effect of moisture mass flow and raw material feed flow.
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Figure 5. The plots of predicted
value versus actual exergy effi-
ciency for ANFIS, RSM, and MLR
(a—c), Pareto chart of standar-
dized effects for exergy effi-
ciency (d).
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This three-dimensional plot of the parameters in Figure 4a is similar to Figure 3b, and it shows an
interaction between moisture mass flow and feed with significant effects on the exergy efficiency
of the raw meal production process. The exergy efficiency was highest at the lowest moisture mass
flow with high raw material feed. As the raw material feed increases, at a reduced moisture mass
flow the exergy efficiency of the system increased as high as greater than 35% at variables which
are of the value of 260,000 kg/h for raw material feed and 55,000 kg/h for moisture mass flow. This
could only be achieved at 17.5% of the moisture in the raw material feed. The figure suggests
moisture mass flow had a more significant effect on the increase of the raw meal exergy efficiency
than the raw material feed.

4.2.1. Effect of kiln hot gas flow and moisture mass flow

The surface plot of three-dimension for the parameters in Figure 4b looks similar to Figure 4a and it
shows a strong interaction that occurred between the two parameters was more significantly
observed when compare to Figure 4a and c. An increase in exergy efficiency is also observed at the
lowest moisture mass flow and moderately on the kiln hot gas flow. The exergy efficiency of the
raw meal production process is noted at moisture mass flow of 50,000 kg/h and with a consistent
increase of kiln hot gas flow until a maximum kiln hot gas flow with temperature increase to affect
the drying process in raw mill internals for efficient grinding. The exergy efficiency is affected
significantly by moisture mass flow (Atmaca & Kanoglu, 2012).

4.2.2. Effect of raw material feed and kiln hot gas flow

The surface plot of three-dimension in Figure 4c looks similar to Figure 4b and it shows interface
occurs between the raw material feed and kiln hot gas flow with a substantial effect on the exergy
efficiency of the raw meal production process. The exergy efficiency was highest at the lowest raw
material feed with consistently high kiln hot gas flow. As the raw material feed increases, at an
increase in the kiln hot flow the exergy efficiency of the system increased as high as greater than
26% at the peak of both variables which are of the value of 260,000 kg/h for raw material feed and
440,000 kg/h for kiln hot gas flow. This could only be achieved at 22% of the moisture in the raw
material feed. The figure suggests kiln hot gas flow which is waste heat from the kiln had a more
significant effect on the increase of the raw meal exergy efficiency than the raw material feed.
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4.2.3. Effect of moisture mass flow and hot gas generator gas flow

Figure 4d depicts a three-dimensional surface plot of moisture mass flow and hot gas generator
gas flow to the exergy efficiency. The surface plot imitates Figure 4b, and it demonstrates a strong
interaction between the two parameters that was more significantly observed when compared to
Figure 4a, b, and c.

The highest exergy efficiency is also observed at the lowest moisture mass flow and moder-
ately on the hot gas generator gas flow. The highest exergy efficiency of the raw meal production
process is noted at moisture mass flow of 50,000 kg/h and hot gas generator gas flow of
1350 kg/h. The exergy efficiency is affected significantly by moisture mass flow (Atmaca and
Atmaca, 2016).

4.3. ANFIS modeling

Figure 3 shows the plots of five inputs (raw material feed, primary airflow, hot gas generator
gas flow, moisture mass flow, and kiln hot gas flow) using Gaussian membership functions
(MF). Figure 5a depicts a plot of the operation data and expected values. The calculated R and
R? values were 0.998 and 0.9961, respectively. The value of R? which is near unity, indicates
a strong good agreement between the operational data and predicted values. Furthermore, the
value of R? shows that the model can explain 99.61% of the variation in the operational data
and the predicted values. The high value of R? also indicates the model’s fitness (Utlu et al.,
2006).

4.4. Effect of parametric analysis using ANFIS model

In order to determine the exergy efficiency of raw meal production, 3D surface plots were used to
examine the interactions between five parameters (Figure 4e-h). These plots can be viewed
visually, and were produced using the ANFIS model.

4.4.1. Effect of moisture mass flow and raw material feed flow

The relationship between moisture mass flow and raw material feed flow on the exergy efficiency
is expressed in Figure 4e. The figure shows that the relationship between the two parameters
influenced the exergy efficiency of the process in the production of raw meals considerably. When
moisture mass flow and raw material feed were lowest, exergy efficiency was highest. As both
factors increased, exergy efficiency decreased (Figure 4e). The exergy efficiency decreased from
over 35% to less than 20% for the raw meal production process. Decreasing the moisture mass
flow beyond 75,000 kg/h increases the exergy efficiency of the system. Likewise, decreasing the
raw material feed below 230,000 kg/h considerably increases the exergy efficiency. It is under-
stood that both parameters are considered to have a major impact on the process exergy
efficiency

4.4.2. Effect of kiln hot gas flow and moisture mass flow

Figure 4f shows the three-dimensional surface plot of kiln hot gas flow and moisture mass
flow the exergy efficiency of the raw meal production process. The figure showed looks
similar to Figure 4e, and the relationship between the two parameters influenced the exergy
efficiency of the process in the production of raw meals considerably. The exergy efficiency of
the system was highest at the lowest moisture mass flow and highest kiln hot gas flow. As
the moisture mass flow and kiln hot gas flow increases, the exergy efficiency of the raw meal
production process decreases (Figure 4f). The exergy efficiency decreased from about 40% to
less than 20%. The lowest exergy efficiency is observed at moisture mass flow of 100,000 kg/
h and kiln hot gas flow of 380,000 kg/h. increasing the kiln hot gas above this value increases
the exergy efficiency. Similarly, decreasing the moisture mass flow, significantly increases the
exergy efficiency of the raw meal production process.
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4.4.3. Effect of raw material feed and kiln hot gas flow

Figure 4g illustrates the relationship between raw materials feed and kiln hot gas flow on exergy
efficiency. The figure shows that the relationship between the two parameters influenced the
exergy efficiency of the process in the production of raw meals considerably. The exergy efficiency
was highest at the lowest raw material feed and highest at the hot gas generator gas flow. As the
raw material feed increases at the highest hot gas generator gas flow, the exergy efficiency
started decreasing (Figure 4g). The exergy efficiency decreased from over 26% to less than 24%.
The lowest exergy efficiency is observed at the raw material feed of 260,000 kg/h and the hot gas
generator gas flow of 380,000 kg/h. Increasing the kiln hot gas flow beyond 430,000 kg/h increases
the exergy efficiency of the raw meal production process. Likewise, decreasing the raw material
feed to 220,000 kg/h considerably increases the exergy efficiency of the process.

4.4.4, Effect of moisture mass flow and hot gas generator gas flow

The relationship between moisture mass flow and hot gas generator gas flow on the exergy efficiency
is described in Figure 4h. The figure shows the interaction of the two parameters that significantly
influenced the exergy efficiency of the raw meal process. The exergy efficiency was highest at the
lowest moisture mass flow and highest at the hot gas generator gas flow. When the moisture mass
flow increases at the highest hot gas generator gas flow, the exergy efficiency started decreasing
(Figure 4h). The exergy efficiency decreased from over 40% to less than 20%. The lowest exergy
efficiency is observed at moisture mass flow of 100,000 kg/h and the hot gas generator gas flow of
800 kg/h. Increasing the hot gas generator gas flow beyond 1500 kg/h increases the exergy efficiency
of the raw meal production process. Likewise, decreasing the moisture mass flow to 75,000 kg/h
increases significantly the exergy efficiency of the process. It is understood that both parameters are
considered to have a major impact on the process exergy efficiency (Atmaca & Kanoglu, 2012).

4.5. Multiple linear regression (MLR) modeling

The values suggested that the operating data were well aligned with the predicted values. The
results also checked that the MLR model has been generalized to allow the results to be predicted.
Figure 5b depicts a plot of the operation data and expected values and estimated value of R and R?
for MLR model are, respectively, 0.953 and 0.9091. The value of R, which is nearly unity, indicates
that the operational data and expected values were in good agreement. Also, the value of the R?
shows that the model can explain 90.9% of the variance in the experimental and expected values.
For the model, the value of R? achieved is a good fit indicative.

4.6. Evaluation of the predictive potential of the models developed

By determining their R, R?, adjusted R? mean square error (MSE), root-mean-square error (RMSE),
sum square error (SSE), and average absolute relative error (AARE), The efficacy of the ANFIS, MLR,
and RSM models developed to predict the exergy efficiency of the raw meal production process has
been evaluated. Table 6 presents the results obtained. The parity plots are shown in Figure 5 (a—c)
for operational data and expected values, which supports the high observed R values for the three
models in Table 6. The value of R should be close to unity (1) for a strong correlation between
experimental and expected values. In all the three predictive models, the achieved correlation
determination are with indication of good fit having high R? almost 1. Moreover, for the models,
the RMSE, which is the MSE square root, was also determined. All of the values obtained were low
for both MSE and RMSE, confirming the models’ good fit. AARE (also known as the average absolute
relative error) calculates a model’s precision and accuracy. Furthermore, the model’s performance
improves as the values are reduced. Table 6 shows the values that have been determined for the
proven models. ANFIS was more closely followed by RSM and finally by the MLR, based on
statistical index results. Operational data with the actual exergy efficiency values were plotted
against the predicted exergy efficiency for the three examined model for the study as expressed in
Figure 5(a-c). The figure shows the least reliable model to be MLR, backed by its relatively
increased SSE. However, this current work shows that the findings from the predictions are reliable
and accurate with R? almost 1. This work showed that the results of ANFIS and RSM modeling were
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Table 1. Specifications of raw meal production equipment

Parameters Unit

Inlet material flow kg/h 240,000
Inlet moisture flow kg/h 48,000
Inlet hot gas flow kg/h 440,086
Inlet dust flow kg/h 19.353
Inlet hot gas temperature 380
HAG temperature 760
Inlet material temperature 30
Operating Pressure atm 1
Cyclone efficiency % 96
Separator efficiency % 86
Electro-static precipitator efficiency % 84

Table 2. Statistical models for evaluation

Equations Number

1— 27:1 (Yi,pre - Yi,exp)

2

R2 — . . (12)
Zi:l (Yi,eXP - Ym)
AdjustedR? =1 — (1 - Rz)xnn_iz_l1 (13)
2
s - T Vew ~Yor) (14
2
RMSE = I (Yerp — Yore)® (Yexr‘: = Yore) (15)
n 2
SSE="3 (Yexp — Ypre) (16)
i=1
n .
AARE — > [M] (17)
nial  Yew

Table 6. ANFIS, MLR, and RSM model performance assessment

Parameter ANFIS MLR RSM

R 0.9980 0.9535 0.9941

R? 0.9961 0.9091 0.9883
AdjustedR?® 0.9961 0.9086 0.9882
MSE 0.36208 7.9906 1.0298
RSME 0.60173 2.8268 1.0148
SSE 371.132 8190.337 1055.531
AARE 0.000692 0.04215 0.001353
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Figure 6. Optimization of
exergy efficiency of the raw
meal production process of
a cement plant.
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similar in terms of prediction accuracy but ANFIS was better than RSM, even though the results
obtained by RSM and ANFIS were very similar. Using Minitab 17 software for the optimization of the
actual exergy efficiency and a Pareto chart (Figure 5d), the significance of each design variables
and their interactions was also investigated as it affects the raw meal exergy efficiency. The higher
the significance, the longer the bar, and the bar behind the reference line of 50 showed how
insignificant the design variables is to affect the raw meal exergy efficiency. According to the
graph, moisture was the most influential operational variable which influence the exergy efficiency
of the entire process, while others were behind the reference line of 50 with little or no significant.

4.7. Model optimization and validation

Figure 6 shows with the aid of Minitab 17 software the optimum exergy efficiency of the raw meal
production process is estimated to be 31.05%, which was predicted at a raw material feed of
240,000 kg/h, primary airflow of 80,000 kg/h, hot gas generator gas flow of 1,400 kg/h, maximum
moisture mass flow of 70,000 kg/h, and kiln hot gas mass flow of 430,000 kg/h. The predicted
optimal value was validated with the plant operational data using the ASPEN Plus and average
exergy efficiency of 31.5% was obtained. There was a good agreement between the predictive
optimal model value and the operational plant value.

5. Conclusions

It is difficult and time-consuming to evaluate the exergy performance of a raw meal production
process using a mechanistic approach. To overcome this limitation, prediction models were devel-
oped using plant operational and experimental data, and ANFIS, MLR, and RSM were used as
prediction tools. The developed prediction models are highly predictive and can be used to
estimate the exergy efficiency of the cement raw meal production process while in operation.

To evaluate the accuracy of the prediction models, a statistical analysis was performed with
a correlation analysis, RMSE, and AARE for prediction error estimation.

When comparing the ANFIS, MLR, and RSM models proposed in this study, it is clear that the
ANFIS models outperform the RSM models and are followed by the MLR models. This could be
attributed to the non-linearity of the independent and dependent variables.

Finally, the raw meal manufacturing process was optimized with Minitab 17 numerical optimiza-
tion program in order to improve its exergy efficiency. The maximum exergy efficiency, minimum
raw material feeding, and minimum primary air flow, as well as minimum moisture flow, are among
the Pareto optimization solutions validated and compared. After comparing the models, the final
choice is determined by raw meal maximum exergy efficiency. Although the models perform well in
practice, predictive models do not always produce optimal solutions. It is worth noting that in the
case study, the exergy efficiency of the raw meal production process of the optimal design point
achieved was increased by 20.5% with designed variables of raw material feeding of 240,000 kg/h,
primary air flows of 80,000 kg/h, HAG gas flow of 1,403 kg/h, moisture flow of 70,000 kg/h, and hot
gas flow of Kiln of 430,000 kg/h, demonstrating a significant impact on exergy efficiency. A further
study should be performed on the effect of intensive properties on the overall exergy efficiency of the
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process. Even though the electrical and communition exergy were left out in the final analysis, these
effects can also impact the overall energy efficiency of the process.

Acknowledgements

The authors would like to acknowledge the Process and
Simulation Laboratory of Landmark University for pro-
viding a suitable environment to carry out this
research.

Funding
The authors received no direct funding for this research

Author details

Anthony 1. Okojit>3*

E-mail: okoji.anthony@lmu.edu.ng

Ambrose N. Anozie®

James A. Omoleye*

1 Chemical Engineering, Landmark University SDG 7
(Affordable and Clean Energy Research Group), Omu-
Aran, Kwara State, Nigeria.

2 Chemical Engineering, Landmark University SDG 9
(Industry, Innovation, and Infrastructure Research
Group), Omu-Aran, Kwara State, Nigeria.

3 Department of Chemical Engineering, Landmark
University, Omu-Aran, Kwara State, Nigeria.

“ Department of Chemical Engineering, Covenant
University, Ota, Ogun State, Nigeria.

®> Department of Chemical Engineering, Obafemi Awolowo
University, Ile-Ife, Osun State, Nigeria.

Cover Image
Source: Author.

Competing Interest
The authors declare no competing interest

Citation information

Cite this article as: Evaluation of optimization techniques
for predicting exergy efficiency of the cement raw meal
production process, Anthony I. Okoji, Ambrose N. Anozie &
James A. Omoleye, Cogent Engineering (2021), 8:
1930493.

References

Agu, C. M., Menkiti, M. C., Ekwe, E. B., & Agulanna, A. C.
(2020). Modeling and optimization of Terminalia
catappa L. kernel oil extraction using response sur-
face methodology and artificial neural network.
Artificial Intelligence in Agriculture, 4, 1-11. https:/
doi.org/10.1016/j.0iia.2020.01.001

Atmaca, A., & Atmaca, N. (2016). Determination of cor-
relation between specific energy consumption and
vibration of a raw mill in cement industry. Anadolu
Universitesi Bilim Ve Teknoloji Dergisi A-Uygulamali
Bilimler Ve Miihendislik, 17(1), 209-219.

Atmaca, A., & Kanoglu, M. (2012). Reducing energy con-
sumption of a raw mill in cement industry. Energy, 42
(1), 261-269. https://doi.org/10.1016/j.energy.2012.
03.060

Atmaca, A, & Yumrutas, R. (2014). Thermodynamic and
exergoeconomic analysis of a cement plant: Part I -
Methodology. Energy Conversion and Management,
79, 790-798. https://doi.org/10.1016/j.enconman.
2013.11.053

Awasthi, A., & Omrani, H. (2019). A goal-oriented
approach based on fuzzy axiomatic design for sus-
tainable mobility project selection. International
Journal of Systems Science: Operations & Logistics, 6
(1), 86-98.

Boyd, G., & Zhang, G. (2013). Measuring improvement in
energy efficiency of the US cement industry with the

ENERGY STAR Energy Performance Indicator. Energy
Efficiency, 6(1), 105-116. https://doi.org/10.1007/
$12053-012-9160-z

Duan, C., Deng, C., Gharaei, A., Wu, J., & Wang, B. (2018).
Selective maintenance scheduling under stochastic
maintenance quality with multiple maintenance
actions. International Journal of Production Research,
56(23), 7160-7178. https://doi.org/10.1080/
00207543.2018.1436789

Fellaou, S., & Bounahmidi, T. (2017). Evaluation of energy
efficiency opportunities of a typical Moroccan
cement plant: Part I. Energy analysis. Applied
Thermal Engineering, 115, 1161-1172. https://doi.
org/10.1016/j.applthermaleng.2017.01.010

Gharaei, A., Hoseini Shekarabi, S. A., Karimi, M.,
Pourjavad, E., & Amjadian, A. (2019). An integrated
stochastic EPQ model under quality and green poli-
cies: Generalised cross decomposition under the
separability approach. International Journal of
Systems Science: Operations & Logistics, 1-13.

Gharaei, A., Karimi, M., & Hoseini Shekarabi, S. A. (2020).
Joint economic lot-sizing in multi-product multi-level
integrated supply chains: Generalized benders
decomposition. International Journal of Systems
Science: Operations & Logistics, 7(4), 309-325.

Gharaei, A., Karimi, M., & Shekarabi, S. A. H. (2019). An
integrated multi-product, multi-buyer supply chain
under penalty, green, and quality control polices and
a vendor managed inventory with consignment stock
agreement: The outer approximation with equality
relaxation and augmented penalty algorithm.
Applied Mathematical Modelling, 69, 223-254. https://
doi.org/10.1016/j.apm.2018.11.035

Han, T., Che, D., Che, D., & Che, D. (2018). Optimization of
waste heat recovery power generation system for
cement plant by combining pinch and exergy analy-
sis methods. Applied Thermal Engineering, 140,
334-340. https://doi.org/10.1016/j.applthermaleng.
2018.05.039

Hoseini Shekarabi, S. A., Gharaei, A., & Karimi, M. (2019).
Modelling and optimal lot-sizing of integrated
multi-level multi-wholesaler supply chains under the
shortage and limited warehouse space: Generalised
outer approximation. International Journal of Systems
Science: Operations & Logistics, 6(3), 237-257.

Jang, J.-S., & Sun, C.-T. (1995). Neuro-fuzzy modeling and
control. Proceedings of the IEEE, 83(3), 378-406.
https://doi.org/10.1109/5.364486

Jian, M., Hongdong, Z., & Jingjing, Y. (2011). Development
and application of artificial neural networks [J].
Electronic Design Engineering, (19), 24.

Kazemi, N., Abdul-Rashid, S. H., Ghazillg, R. A. R.,
Shekarian, E., & Zanoni, S. (2018). Economic order
quantity models for items with imperfect quality and
emission considerations. International Journal of
Systems Science: Operations & Logistics, 5(2), 99-115.

Khademi, F., & Behfarnia, K. (2016). Evaluation of con-
crete compressive strength using artificial neural
network and multiple linear regression models.

Li, G., Liu, Z., Liu, F., Yang, B., Mq, S., Weng, Y., Zhang, Y., &
Fang, Y. (2019). Advanced exergy analysis of ash
agglomerating fluidized bed gasification. Energy
Conversion and Management, 199, 111952. https://
doi.org/10.1016/j.enconman.2019.111952

Maddah, H., Sadeghzadeh, M., Ahmadi, M. H., Kumar, R., &
Shamshirband, S. (2019). Modeling and efficiency
optimization of steam boilers by employing neural
networks and response-surface method (RSM).

Page 16 of 18


https://doi.org/10.1016/j.aiia.2020.01.001
https://doi.org/10.1016/j.aiia.2020.01.001
https://doi.org/10.1016/j.energy.2012.03.060
https://doi.org/10.1016/j.energy.2012.03.060
https://doi.org/10.1016/j.enconman.2013.11.053
https://doi.org/10.1016/j.enconman.2013.11.053
https://doi.org/10.1007/s12053-012-9160-z
https://doi.org/10.1007/s12053-012-9160-z
https://doi.org/10.1080/00207543.2018.1436789
https://doi.org/10.1080/00207543.2018.1436789
https://doi.org/10.1016/j.applthermaleng.2017.01.010
https://doi.org/10.1016/j.applthermaleng.2017.01.010
https://doi.org/10.1016/j.apm.2018.11.035
https://doi.org/10.1016/j.apm.2018.11.035
https://doi.org/10.1016/j.applthermaleng.2018.05.039
https://doi.org/10.1016/j.applthermaleng.2018.05.039
https://doi.org/10.1109/5.364486
https://doi.org/10.1016/j.enconman.2019.111952
https://doi.org/10.1016/j.enconman.2019.111952

Okoji et al., Cogent Engineering (2021), 8: 1930493
https://doi.org/10.1080/23311916.2021.1930493

Mathematics, 7(7), 629. https://doi.org/10.3390/
math7070629

Madlool, Saidur, R., Rahim, N. A., Kamalisarvestani, M., &
Kamalisarvestani, M. (2013). An overview of energy
savings measures for cement industries. Renewable
and Sustainable Energy Reviews, 19, 18-29. https://
doi.org/10.1016/j.rser.2012.10.046

Malik, Z., & Rashid, K. (2000). Comparison of optimization
by response surface methodology with neurofuzzy
methods. IEEE Transactions on Magnetics, 36(1),
241-257. https://doi.org/10.1109/20.822535

Mansour Ghaffari, M., & Mostafa, K. (2011). Comparison of
response surface methodology and artificial neural
network in predicting the microwave-assisted
extraction procedure to determine zinc in fish
muscles. Food and Nutrition Sciences, 2011.

Mirhosseini, M., Rezania, A., & Rosendahl, L. (2019). Power
optimization and economic evaluation of thermoelectric
waste heat recovery system around a rotary cement
kiln. Journal of Cleaner Production, 232, 1321-1334.
https://doi.org/10.1016/j.jclepro.2019.06.011

Mirzaei, M., Ahmadi, M. H., Mobin, M., Nazari, M. A,, &
Alayi, R. (2018). Energy, exergy and economics ana-
lysis of an ORC working with several fluids and uti-
lizes smelting furnace gases as heat source. Thermal
Science and Engineering Progress, 5, 230-237. https://
doi.org/10.1016/j.tsep.2017.11.011

Naderpour, H., Kheyroddin, A., & Amiri, G. G. (2010).
Prediction of FRP-confined compressive strength of
concrete using artificial neural networks. Composite
Structures, 92(12), 2817-2829. https://doi.org/10.
1016/j.compstruct.2010.04.008

Okoji, A. I, Babatunde, D. E., Anozie, A. N, &

Omoleye, J. A. (2018). Thermodynamic analysis of
raw mill in cement industry using aspen plus
simulator. MS&E, 413(1), 012048.

Oni, A, Fadare, D., & Adeboye, L. (2017). Thermoeconomic
and environmental analyses of a dry process cement
manufacturing in Nigeria. Energy, 135, 128-137.
https://doi.org/10.1016/j.energy.2017.06.114

Rabbani, M., Foroozesh, N., Mousavi, S. M., & Farrokhi-Asl, H.
(2019). Sustainable supplier selection by a new deci-
sion model based on interval-valued fuzzy sets and
possibilistic statistical reference point systems under
uncertainty. International Journal of Systems Science:
Operations & Logistics, 6(2), 162-178.

Rabbani, M., Hosseini-Mokhallesun, S. A. A,,

Ordibazar, A. H., & Farrokhi-Asl, H. (2020). A hybrid
robust possibilistic approach for a sustainable supply
chain location-allocation network design.
International Journal of Systems Science: Operations
& Logistics, 7(1), 60-75.

Sadrmomtazi, A., Sobhani, J., & Mirgozar, M. (2013).
Modeling compressive strength of EPS lightweight
concrete using regression, neural network and ANFIS.

<X cogent.-engineering

Construction and Building Materials, 42, 205-216.
https://doi.org/10.1016/j.conbuildmat.2013.01.016

Sayyadi, R., & Awasthi, A. (2018). A simulation-based
optimisation approach for identifying key determi-
nants for sustainable transportation planning.
International Journal of Systems Science: Operations
& Logistics, 5(2), 161-174.

Sayyadi, R., & Awasthi, A. (2020). An integrated approach
based on system dynamics and ANP for evaluating sus-
tainable transportation policies. International Journal of
Systems Science: Operations & Logistics, 7(2), 182-191.

Shao, W., Cui, Z., & Ma, X.-T. (2020). Experimental
research on cement grate cooler system and
numerical simulation of its clinker cooling process.
Applied Thermal Engineering, 181, 115904.

Shao, W., Cui, Z.,, Wang, N., & Cheng, L. (2016). Numerical
simulation of heat transfer process in cement grate
cooler based on dynamic mesh technique. Science
China Technological Sciences, 59(7), 1065-1070.
https://doi.org/10.1007/s11431-016-6074-6

Smith, J. M., Hendrick, V. N., Abbott, M., & Mark, S. (2018).
Introduction to chemical engineering thermodynamics
(8th ed., pp. 10121). McGraw-Hill Education, 2 Perm
Plaza.

Sogut, M., Oktay, Z., & Hepbasli, A. (2009). Energetic and
exergetic assessment of a trass mill process in a cement
plant. Energy Conversion and Management, 50(9),
2316-2323. https://doi.org/10.1016/j.enconman.2009.
05.013

song, D., Lin, L., & Wu, Y. (2019). Extended exergy
accounting for a typical cement industry in China.
Energy, 174, 678-686. https://doi.org/10.1016/j.
energy.2019.03.006

Taweel, T., Sokolova, E., Sergeev, V., & Solovev, D. (2018).
Energy and exergy analysis of clinker cooler in the
cement industry. Paper presented at the IOP confer-
ence series: Materials Science and Engineering.

Tsao, Y.-C. (2015). Design of a carbon-efficient
supply-chain network under trade credits.
International Journal of Systems Science: Operations
& Logistics, 2(3), 177-186.

Utlu, Z., Sogut, Z., Hepbasli, A., & Oktay, Z. (2006). Energy and
exergy analyses of a raw mill in a cement production.
Applied Thermal Engineering, 26(17-18), 2479-2489.
https://doi.org/10.1016/j.applthermaleng.2005.11.016

Vu-Bac, N., Lahmer, T., Zhang, Y., Zhuang, X., & Rabczuk, T.
(2014). Stochastic predictions of interfacial charac-
teristic of polymeric nanocomposites (PNCs).
Composites Part B: Engineering, 59, 80-95. https://doi.
0rg/10.1016/j.compositesb.2013.11.014

Yin, S., Nishi, T., & Zhang, G. (2016). A game theoretic
model for coordination of single manufacturer and
multiple suppliers with quality variations under
uncertain demands. International Journal of Systems
Science: Operations & Logistics, 3(2), 79-91.

Page 17 of 18


https://doi.org/10.3390/math7070629
https://doi.org/10.3390/math7070629
https://doi.org/10.1016/j.rser.2012.10.046
https://doi.org/10.1016/j.rser.2012.10.046
https://doi.org/10.1109/20.822535
https://doi.org/10.1016/j.jclepro.2019.06.011
https://doi.org/10.1016/j.tsep.2017.11.011
https://doi.org/10.1016/j.tsep.2017.11.011
https://doi.org/10.1016/j.compstruct.2010.04.008
https://doi.org/10.1016/j.compstruct.2010.04.008
https://doi.org/10.1016/j.energy.2017.06.114
https://doi.org/10.1016/j.conbuildmat.2013.01.016
https://doi.org/10.1007/s11431-016-6074-6
https://doi.org/10.1016/j.enconman.2009.05.013
https://doi.org/10.1016/j.enconman.2009.05.013
https://doi.org/10.1016/j.energy.2019.03.006
https://doi.org/10.1016/j.energy.2019.03.006
https://doi.org/10.1016/j.applthermaleng.2005.11.016
https://doi.org/10.1016/j.compositesb.2013.11.014
https://doi.org/10.1016/j.compositesb.2013.11.014

Okoji et al.,, Cogent Engineering (2021), 8: 1930493 ‘;K;' Cogent o eﬂg i nee ri ng

https://doi.org/10.1080/23311916.2021.1930493

© 2021 The Author(s). This open access article is distributed under a Creative Commons Attribution (CC-BY) 4.0 license.

cogent--0a

You are free to:

Share — copy and redistribute the material in any medium or format.

Adapt — remix, transform, and build upon the material for any purpose, even commercially.
The licensor cannot revoke these freedoms as long as you follow the license terms.

Under the following terms:

Attribution — You must give appropriate credit, provide a link to the license, and indicate if changes were made.
@ You may do so in any reasonable manner, but not in any way that suggests the licensor endorses you or your use.

No additional restrictions

You may not apply legal terms or technological measures that legally restrict others from doing anything the license permits.

Cogent Engineering (ISSN: 2331-1916) is published by Cogent OA, part of Taylor & Francis Group.
Publishing with Cogent OA ensures:

«  Immediate, universal access to your article on publication

»  High visibility and discoverability via the Cogent OA website as well as Taylor & Francis Online
+  Download and citation statistics for your article

*  Rapid online publication

«  Input from, and dialog with, expert editors and editorial boards

+  Retention of full copyright of your article

*  Guaranteed legacy preservation of your article

«  Discounts and waivers for authors in developing regions

Submit your manuscript to a Cogent OA journal at www.CogentOA.com

Page 18 of 18



	1.  Introduction
	2.  Raw meal production process
	3.  Models development
	3.1.  Multiple linear regression model (MLR)
	3.2.  Response surface methods model (RSM)
	3.3.  Adaptive neuro-fuzzy inference system model (ANFIS)
	3.4.  Performance criteria

	4.  Results and discussion
	4.1.  Development of the model of mathematical regression by RSM
	4.2.  Parametric effect of using RSM model
	4.2.1.  Effect of kiln hot gas flow and moisture mass flow
	4.2.2.  Effect of raw material feed and kiln hot gas flow
	4.2.3.  Effect of moisture mass flow and hot gas generator gas flow

	4.3.  ANFIS modeling
	4.4.  Effect of parametric analysis using ANFIS model
	4.4.1.  Effect of moisture mass flow and raw material feed flow
	4.4.2.  Effect of kiln hot gas flow and moisture mass flow
	4.4.3.  Effect of raw material feed and kiln hot gas flow
	4.4.4.  Effect of moisture mass flow and hot gas generator gas flow

	4.5.  Multiple linear regression (MLR) modeling
	4.6.  Evaluation of the predictive potential of the models developed
	4.7.  Model optimization and validation

	5.  Conclusions
	Acknowledgements
	Funding
	Author details
	Cover Image
	Competing Interest
	References



