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in the cement milling process, which consists of grinding, drying and
separation processes that have high energy efficiency.
Objective: This research was conducted to create and develop a Model

Predictive Control (MPC) Random Forest Regressor (RFR) in a process
system that aims to improve the performance of the cement grinding
process, where currently process control is still carried out using a

Keywords: conventional control system by humans/operators.
Blaine; Cement Industry; Energy Methods: Model creation is carried out by preparing input variable data,
Efficiency;  Machine  Learning; manipulated and output variables, data conditioning, statistical analysis,

model development, validation, testing, and evaluation.

Results: The MPC-RFR model achieved R?=0.99936, MAE=2.488,
MSE=122.354, with SEC reduced from 35.47 to 29.46 kWh/ton (16.94%
reduction) using MPC-RFR, and further to 27.47 kWh/ton (22.55%
reduction) with SLSQP optimization, yielding potential annual savings of
IDR 8.6-11.5 billion.

Conclusion: The MPC-RFR-SLSQP approach achieved 22.55% SEC
reduction in VRM cement grinding, demonstrating significant potential
for industrial energy efficiency and production cost optimization in the
cement sector.
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INTRODUCTION

The cement industry is one of the strategic industrial sectors that has a vital role in
supporting infrastructure development, both in developing and developed countries. The rapid
growth of the construction sector directly increases the need for high-quality cement production
with optimal process efficiency (Sahoo & Kumar, 2022). Therefore, improving the performance of
cement production systems is the main focus in the development of modern industrial technology.
Cement is one of the main materials in the manufacture of buildings and infrastructure, such as
buildings, roads, and bridges. The increased growth of the cement industry provides stiff
competition among cement producers. The number of new players in the cement industry colors
the competition of the national cement industry, as explained by the Indonesian Cement
Association (ASI).

Empirically, the cement industry is one of the most energy-intensive industrial sectors
globally. According to the International Energy Agency (IEA), the cement sector accounts for
approximately 7% of global CO, emissions and consumes around 3 GJ of thermal energy and 90-

693 | Journal of Business, Social and Technology



Elman Rudolf Pakpahan, Iwa Garniwa Machine Learning ...

130 kWh of electrical energy per tonne of cement produced. In Indonesia specifically, the cement
industry consumed approximately 13.7 million tonnes of oil equivalent (Mtoe) of energy in 2022,
with electricity representing approximately 15-20% of total production costs. These figures
underscore the urgency of implementing intelligent control systems to reduce Specific Energy
Consumption (SEC) in cement grinding operations (Atmaca & Yumrutas, 2014).

In the cement production process, one of the most important stages is the grinding
process, especially at the finish grinding stage which aims to produce cement with a certain
compressive strength. The fineness of cement, which is generally expressed in Blaine values and
Residues of 45 microns, has a significant influence on the quality of the final product, which greatly
determines the compressive strength and bonding time of cement (Saedi et al., 2019; Zajac et al,,
2021).

Cement producers will continue to strive to make improvements to anticipate the high
number of infrastructure and property projects (Kumar et al, 2025; Sverdrup & Olafsdottir,
2023). From the consumer side, this will provide benefits because there are many alternatives
available on the market, starting from the price or product quality. On the other hand, on the
producer side, this condition will provide competitive competition so that it requires cement
producers to increase effectiveness and efficiency in the operation of cement factories.

Cement production activities include raw material mining, raw material preparation, raw
material milling, clinker combustion, and cement milling. The five stages are carried out in
processing units that have specific working principles (Panagoda, 2023; Soomro et al., 2023).

One of the technologies that is widely used in the milling process is the Vertical Roller Mill
(VRM). VRM has advantages compared to conventional methods such as Ball Mill, including better
energy efficiency, large production capacity, and the ability to perform simultaneous drying and
milling processes, making VRM the top choice in the modern cement industry (Ghalandari et al.,
2021).

Nevertheless, the grinding process in VRM has very complex characteristics. This system
is multivariable, where there are many input variables that interact with each other, such as feed
rate, grinding pressure, separator speed and hot gas flow. In addition, the system is also nonlinear
and has a time delay, which causes the relationship between input and output to not be
represented simply.

Key output variables such as product smoothness (Blaine and Residue), as well as outlet
temperature are greatly influenced by the dynamics of such complex systems. In addition, external
disturbances such as variations in the moisture content of materials and changes in the
composition of raw materials further complicate the control process (Ponisch et al., 2025).

One of the product quality parameters of Vertical Roller Mill (VRM) is blaine and 45
micron residu. Process control is needed so that cement products can be produced with efficient
energy consumption or Specific Energy Consumption (SEC), as it will greatly affect production
costs.

The cement milling process is a continuous process (Cui et al.,, 2025; Yang et al., 2024). As
for sampling and analysis of the results of cement products, it is carried out every 2 hours. This
will cause loss of information on the quality of cement products every hour. Loss of this
information will have an impact on product quality that is not controlled.

Currently, process control is still carried out conventionally, where in practice the control
system used in the cement industry is still dominated by the Proportional-Integral-Derivative
(PID) method and the control process is still carried out by humans/operators. Although this
method is simple and easy to implement, PID has limitations in dealing with complex and
nonlinear systems. PIDs tend to provide suboptimal performance under changing operating
conditions, resulting in frequent fluctuations in product quality and inefficient energy
consumption. Process automation in the cement industry is one of the main strategies in
improving production efficiency and product quality stability (Tong et al., 2023).

Along with technological developments, Advanced Process Control (APC)-based
approaches began to be developed to overcome the limitations of conventional methods. One of
the most widely used methods in APC is the Predictive Control Model (MPC) with the Random
Forest Regressor technique which will later replace the control process carried out by the current
operator to be automatic.
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MPC is a model-based control method that is able to predict future system behavior based
on historical data and determine optimal control actions by considering system constraints
(Zhang et al., 2022). The main advantage of MPC lies in its ability to handle multivariable systems
and operational constraints simultaneously. MPC uses a system model to predict output within a
given time horizon, then optimizes to minimize errors between output and setpoint. However,
MPC performance is highly dependent on the accuracy of the prediction model used. In complex
systems such as VRM, the development of physics-based mathematical models becomes very
difficult due to the large number of variables and non-linear interactions. Therefore, data-driven
modeling is a more practical and effective alternative.

Several machine learning approaches have been applied in industrial process control.
Artificial Neural Networks (ANN) have been used for cement quality prediction but are prone to
overfitting with limited data (McElroy et al., 2021). Support Vector Machines (SVM) offer good
generalization but struggle with large-scale multivariate industrial datasets. XGBoost has shown
strong predictive performance in batch processes; however, its gradient boosting structure is less
interpretable and less suited for real-time optimization loops. Deep Learning models such as
LSTM and CNN offer temporal pattern recognition but require substantially larger datasets and
higher computational costs. Random Forest Regressor, by contrast, provides robust ensemble-
based predictions with lower overfitting risk and is computationally efficient for real-time
integration with MPC frameworks.

Research Gap: Despite the growing literature on machine learning-based process control,
there remains a significant gap in the application of MPC integrated with Random Forest
Regressor specifically for VRM cement grinding in developing-country industrial contexts. Most
existing studies either apply MPC with physics-based models that are difficult to calibrate for VRM
systems, or use ML models without closed-loop optimization integration. Furthermore, few
studies explicitly evaluate the combined effect of RFR-based MPC with sequential optimization
(SLSQP) on Specific Energy Consumption (SEC) reduction using multi-year industrial operational
data. This study addresses these gaps by proposing and validating an MPC-RFR-SLSQP framework
using five years of real VRM operational data from the Indonesian cement industry.

The application of machine learning in the cement industry is growing to improve the
accuracy of product quality prediction and production process optimization. Machine Learning
methods offer optimal solutions for making predictions. One of the algorithms that is widely used
for modeling nonlinear systems is the Predictive Control/Random Forest Regressor Model
(Lepioufle et al.,, 2021). Random Forest Regressor is an ensemble learning method that combines
multiple decision trees to improve prediction accuracy and reduce the risk of overfitting, which
can be done using a python program. Optimizing energy use using artificial intelligence-based
algorithms can significantly increase energy consumption efficiency.

The Random Forest Regressor's advantages in handling nonlinear data, robust against
noise, and its ability to capture complex relationships between variables make it ideal for
application to industrial systems such as VRM (Ali et al., 2025). By utilizing historical data from
the control system, the Random Forest Regressor model can be trained to accurately predict
process output.

The integration between the Random Forest Regressor and the Predictive Control Model
resulted in an approach known as Machine Learning-based MPC (ML-MPC). In this approach, the
machine learning model is used as a prediction model in MPC, thus allowing the control system to
be more adaptive to changing operating conditions (S. Yang et al., 2020).

This study aims to use the Random Forest Regressor and integrate it into the framework
of the Predictive Control Model in the cement milling process in the Vertical Roller Mill to produce
cement products by reducing electrical energy consumption. With this approach, it is hoped that
a more optimal, stable, and efficient control system can be obtained compared to conventional
methods.

The novelty of this research lies in three principal contributions: (1) the development of
an MPC framework using Random Forest Regressor trained on five years of real-world VRM
operational data (2020-2025) from the Indonesian cement industry; (2) the integration of
Sequential Least Squares Programming (SLSQP) optimization within the MPC-RFR loop to further
minimize SEC beyond initial RFR prediction; and (3) the quantitative demonstration of 22.55%
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SEC reduction compared to conventional PID-based control, with an estimated annual cost
savings of IDR 11.48 billion. Unlike prior studies that apply ML models for quality prediction only,
this work demonstrates closed-loop control optimization with multi-objective performance
(quality stability and energy reduction) simultaneously.

METHOD

Basically, VRM has three main processes which are drying, grinding, and separating.
Figure 1 describes the flow of material flow in VRM. The process begins with the preparation of
clinker, gypsum and additive materials. The next process, these three materials that have been
weighed according to the proportions that have been set using the weighing feeder, are fed into
the VRM through a belt conveyor. Then it is dried using hot gas to reduce moisture content. After
drying, the raw materials are ground by rotating rollers inside the VRM to reduce the particle size
of the ground material. The material passes through the gap between the roller and the table, the
roller will rotate due to friction between the roller and the rotating material on the roller. The
compressive force on the roller is caused by the hydraulic cylinder installed on each roller.

The material that has been milled in the mill will rise and move towards the separator.
This movement is caused by the presence of hot gases and fan suction. Coarse particles and fine
particles are separated using a separator. This separation is done dynamically using a blade that
can adjust the speed and angle of rotation. The coarse material will fall back onto the table to carry
out the re-milling process. Meanwhile, the material that is already smooth is transported as a
product to be temporarily stored in the silo. To carry out the grinding process in VRM, there are
several main tools that consume considerable energy, namely Mill Drive, Bag Filter Fan, Separator
whose rotational speed is regulated using variable speed drives. Where the energy consumption
of the three tools will have a significant effect on the Specific Energy Consumption (SEC) in the
cement milling process.

In this study, data sources were used, namely data derived from the historical value of the
cement milling process used to control operations at the Vertical Roller Mill (VRM) starting from
2020 to 2025. From this raw data, it can be seen that the data has raw/dirty data with the missing
value in the data: fresh feed, bag filter fan speed, separator speed, mill power, separator power,
and some blaine quality data and 45 micron residue which has a loss of some data every hour. The
data process is archived automatically, while the quality data is entered manually every 2 hours.
From this raw data, it can be seen that the data has dirty data because: 1) There is a value lost in
the data, this can be seen from the quality data that has data loss every hour. 2) There are data
outliers caused by the process itself, such as when starting up the engine, during the cooling down
process, problems with the process, and so on. 3) The existence of noisy data, which can be caused
by data entry or transmission.

Data cleaning was carried out in order to obtain data that described the operation of the
cement milling process at VRM. The data cleaning procedure involved three main stages: (1)
Missing Value Handling - missing values in process variables were imputed using linear
interpolation for continuous parameters (e.g., mill power, fan speed), while quality data gaps
(Blaine, Residue) sampled every 2 hours were forward-filled within the same production shift
window; (2) Outlier Detection - outliers were identified using the Interquartile Range (IQR)
method (values below Q1-1.5xIQR or above Q3+1.5xIQR were flagged) and removed if they
corresponded to non-production periods (start-up, shut-down, or process failure events
identified via mill power threshold <50 kW); and (3) Data Normalization - all numerical features
were normalized using Min-Max scaling to the range [0, 1] to ensure equal feature contribution
during model training. Data collection was performed at a 1-minute sampling interval via the
Distributed Control System (DCS) historian, while quality laboratory data was recorded every 2
hours. Data validation was conducted through cross-checking DCS-logged values against shift
supervisor logbooks for consistency verification.

VRM modeling using Random Forest Regressor begins with checking the data distribution
of 12 VRM operating parameters that have been determined at the beginning. The amount of data
taken (Raw Data) is 43,803 data, which comes from historical data on VRM operations from 2020
to 2025. Some data that is not representative, or data whose value is not there, is cleaned up so
that the data used for modeling will provide representative or accurate information. The process
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at the time of the operation is stopped or fails to operate, it can be said that it will not represent
the modeling that will be carried out, because at that time some of the main equipment will remain
operational even though the process does not produce cement products.

The basis of modeling using 22,530 data that has been cleaned and analyzed for
correlation can be seen in the diagram of figure 1, namely by determining the input variables,
manipulated variables and output variables and the relationship of each of these variables. The
reduction from 43,803 raw data points to 22,530 cleaned data points (approximately 48.5% data
retention) is scientifically justified on the following grounds: (a) 11,230 records were excluded
due to non-production periods (identified by mill power below 50 kW during start-up and shut-
down phases, consistent with VRM operational protocols); (b) 8,450 records were removed as
outliers using IQR-based filtering to eliminate sensor malfunctions and transient process
disturbances; and (c) 1,593 records were discarded due to incomplete quality measurements
where both Blaine and Residue values were simultaneously missing beyond the interpolation
window. The retained 22,530 records represent 2.575 years of equivalent continuous production,
which is considered statistically sufficient for Random Forest model training with 100 estimators
(Breiman, 2001; Probst et al., 2019).
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. kW Mill
. Inlet Mill Draught
. Outlet Mill

Temperature

. AP Mill
. AP Bag Filter
. Vibration

Mill Power (kW)

4. Specific Power
Consumption (kWH/ton
cement)

1 . Inlet Draught Mill (mBar)
Bag Filter Fan Speed I . Difference Pressure Mill
L (rpm) 1 (mBan)
1 ! . Energy Consumption BF

Fan (kWH)

S

Quality Target (Finess
Material)

. Delta Pressure Mill (mBar)
. Blaine and Residue
. Energy consumption

1. Residue 45 (Cement), Separator (kWH)

2. Blaine (cement)

Input Variable - Manipulated Variable - Output Variable
Arrow indicates (Variable to Control Process) Red Boxes indicate

dependency correlation with SPC

Figure 1. Modeling Data Chart

Of the total dataset, 22,530 data were divided into 2 parts, 90% of the data was used for
training and 10% of the data was used for the test model made. The training was carried out after
the completion of the preparation of the dataset and the selection of the Random Forest Regressor
as the method of the Predictive Control Model to be used. The number of iterations used is 100,
so that the smallest possible error is obtained before being taken on average. Model evaluation
was carried out by comparing the predictive values to the target value of the given dataset.

RESULTS AND DISCUSSION

Results
Modeling Using Random Forest Regressor

After modeling the Fresh Feed, Bag Filter Fan Speed and Separator Speed on the VRM
process, the dataset was tested for the model. The test results from modeling can be seen in the
numbers/graphs of the predicted values of the three outputs of the three variables compared to
the actual values contained in the raw data. The curve below shows that the predicted values of
fresh feed, bag filter fan speed, and separator speed are smaller than the actual values. Based on
the formula of Specific Energy Consumption, to lower the SEC, the predictive value of fresh feed
after going through modeling should be higher. For this reason, the Random Forest Regressor
modeling still needs to be optimized using the optimization method in this python software,
namely the Sequential Least Squares Programming (SLSQP) method.
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Figure 2. MPC-RFR Modeling Chart

With random forest regressor modeling, a value of R*2=0.99936 was obtained which
showed that the accuracy of the modeling results was 99.9%, MAE=2.48778 and MSE=122.35360.
The value of the determination coefficient R2=0.99936 shows that the model is able to explain
99.936% of the variation in process data, so that the relationship between variables is considered
very strong. The MAE value of 2.48778 indicates a relatively small average prediction error
compared to the actual value. However, the MSE value of 122.35360 indicates that there is some
data with a considerable error deviation, which may be caused by process transient conditions,
operating fluctuations, or outliers in the production system.

This shows the relationship between: To provide a more comprehensive evaluation,
additional metrics were computed: RMSE=11.062 (root mean squared error, reflecting the scale
of larger deviations in process units), MAPE=1.12% (mean absolute percentage error, confirming
high relative prediction accuracy), and a 5-fold cross-validation score of R*=0.9987+0.0003,
demonstrating that the model generalises consistently across unseen data folds and is not subject
to overfitting. The high R? value is therefore validated by external cross-validation and is
consistent with the strong physical correlations between VRM input-output variables
documented in the literature (Ghalandari et al., 2021).

The variables Fresh Feed (t/h), Bag Filter Fan Speed (rpm), and Separator Speed (rpm)
exhibit a very strong and mathematically consistent relationship, indicating a stable process
system. The linear and nonlinear interactions among these variables are clearly defined, with
minimal data noise, suggesting high model reliability and strong predictive capability for process
optimization.

Table 0 below presents the Pearson and Spearman correlation coefficients between the
key input variables and output parameters (SEC, Blaine, Residue) computed from the cleaned
dataset of 22,530 records, confirming the statistically significant relationships underpinning the
RFR model.

Table 1. Pearson and Spearman Correlation Coefficients between VRM Input Variables

and SEC

Variable Pearsonr (SEC) Spearman p (SEC) Interpretation
Fresh Feed (t/h) -0.847 -0.831 Strong negative
BF Fan Speed (rpm) +0.612 +0.598 Moderate positive
Separator Speed +0.534 +0.521 Moderate positive
(rpm)
Mill Power (kW) +0.703 +0.688 Strong positive
Delta Pressure Mill +0.478 +0.465 Moderate positive
(mbar)

By process When the fresh feed rises, the material load in the mill rises, so the separator
usually needs to adjust the speed. Because the separator is in charge of separating fine products,
controlling fineness/Blaine/residue. Generally, the speed separator will go up will produce a
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smoother product and if the speed separator goes down, it will produce a rougher product.

Likewise, the relationship between fresh feed and fan speed filter bags. As the feed rises,
the amount of airborne material increases, the pressure drop increases, the need for airflow
increases. So the bag filter fan speed usually goes up to maintain airflow, mill draft, material
transport, differential pressure.

The graph below is a graph of the results of the experiment using MPC-RFR, where it is
clear that the comparison between the predicted and actual values of each Fresh Feed, Bag Filter
Fan Speed and Separator Speed is clearly visible.
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Figure 5. MPC-RFR-SLSQP Modeling Charts

Figure 5 shows a graph of the model of the Fresh Feed, Bag Filter Fan Speed, Separator
Speed that has been modeled and optimized using Sequential Least Squares Programming
(SLSQP). Compared to the previous graph, where the model has been optimized, it can be seen
that the predicted value of fresh feed rises above the actual. This will greatly affect the calculation
of SEC, which describes the amount of energy consumed to produce per ton of cement/product.
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Figure 6. (a) MPC-RFR (b) MPC-RFR-SLSQP

Figure 6 (a) and (b) show a comparison of model simulations using MPC - RFR and MPC-
RFR-SLSQP. It can be seen that after SLSQP is implemented against the MPC-RFR model, the
increase from the Fresh Feed and the decrease from the Bag Filter Fan Speed and Separator Speed.
This affects the reduction of energy consumption defined in Specific Energy Consumption (SEC)
which is expressed in kWh/ton of cement.

Table 2. Specific Energy Consumption Table

Current (Conventional Control) Predicted (MPC-RFR Modeling)

No SEC Fresh BF Separator SEC Fresh BF Separator
Feed Speed Speed Feed Speed Speed

35.59 231.07 947.92 1073.02 29.92 231.85 94590 107293
35.66 220.78 915.86 1099.90 29.87 225.71 91540 1088.44
3535 231.76 942.74 1119.89 30.30 233.11 941.62 1117.83
35.15 241.26 943.23 1104.68 2991 24231 943.75 1103.98
3546 239.14 944.73 1149.67 31.00 23936 94596 1150.90
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6 3539 207.95 912.80 786.40 28.97 216.83 921.09 767.69
7 35.17 22474 927.68 769.86 28.87 22480 926.77 767.38
8 3591 212.07 922.64 769.86 28.17 22593 929.58 756.18
9 35.84 235.69 958.10 779.87 29.34 238.33 951.19 774.02
10 35.27 234.11 950.35 789.46 29.20 235.67 952.49 786.68
11 3541 218.71 914.27 739.87 28.51 21887 91443 739.36
AVG 3547 29.46

(SEC) before and after using the RFR Model. From this data, it can be seen that there is an
increase in fresh feed and a decrease in the speed of the Bag Filter Fan and Separator, which
results in a decrease in the SEC. From the table above, it can be seen from 11 operational data
using Conventional Control (PID) that SEC data = 35.47 kWh/ton of cement was obtained, while
the data after using MPC-RFR modeling obtained SEC value = 29.46 kWh/ton of cement, savings
of 6.01 kWh/ton of cement or around 16.94%.

The following is a calculation of the cost savings in electricity consumption used to
produce cement in the Vertical Roller Mill (VRM):

1) Production Capacity 1240 t/h
2) Duration of operation in 1 day :20h
3) Number of cement production in 1 day : (240 x 20) = 4,800 tons
4) Eff consumption of electrical energy :6.01 kWh/ton cement
5) Eff produced in 1 day :(6.01x4,800) = 28,848 kWh
6) PLN Tariff for Industry (4) :Rp 996,74 /kWh
Total savings per day : Rp (28,848 x 996,74)
: IDR 28,754,532
Total savings per year (300 days) :IDR 300 x 28,754,532
: IDR 8,626,359,600

The next process was carried out by testing using MPC-RFR with Optimize SLSQP, and
there was an increase in fresh feed and a decrease in the speed of the Bag Filter Fan and Separator,
which resulted in a decrease in the SEC. From the table above, it can be seen from 11 operational
data using Conventional Control (PID) that SEC data = 35.47 kWh/ton of cement was obtained,
while the data after using MPC-RFR-SLSQP modeling obtained an SEC value = 27.47 kWh/ton of
cement. Savings of 8 kWh/ton of cement or around 22.55% were obtained.

Table 3. Specific Energy Consumption Result

Current (Conventional Control) Predicted (MPC-RFR Modeling)
No SEC Fresh  BF Speed Separator SEC Fresh BF Speed Separator
Feed Speed Feed Speed

1 35.59 231.07 94792 1073.02 27.97 24711  942.15  1072.28
2 35.66 220.78 915.86  1099.90 27.93 240.61 911.84 1087.10
3 35.35 231.76  942.74 1119.89 28.37 248.15 93789 1116.94
4 35.15 241.26  943.23  1104.68 27.98 258.12  940.07  1103.27
5 35.46 239.14 944.73  1149.67 29.07 25445 943.09 1151.53
6 35.39 207.95 912.80 786.40 26.93 23231 917.15  765.52
7 3517 224.74 927.68  769.86 26.84 240.83 92275 767.04
8 3591 212.07 922.64 769.86 26.15 24235 92560  755.65
9 3584 235.69 958.10 779.87 27.32 25494 94647 773.39
10 35.27 23411 95035  789.46 27.17 252.19 948.09 786.31
11 35.41 218.71 914.27  739.87 26.50 23454 91054 738.50

AVG 3547 27.47
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The following is a calculation of the cost savings in electricity consumption used to
produce cement in the Vertical Roller Mill (VRM):

1) Production Capacity 1240 t/h

2) Duration of operation in 1 day :20h

3) Number of cement production in 1 day : (240 x 20) = 4,800 tons
4) Eff consumption of electrical energy : 8 kWh/ton cement

5) Eff produced in 1 day : (8 x4,800) =38,400 kWh
6) PLN Tariff for Industry (4) :Rp 996,74 /kWh

Total savings per day :Rp (38,400 x 996,74)
: IDR 38,274,818
: IDR 300 x 38,274,818

:IDR 11,482,444,800

Total savings per year (300 days)

Table 3. Comparison of Plant Performance Before and After Modelling

Parameters Before MPC- After MPC-RFR- Remarks
RFR-SLSQP SLSQP

Control System PID RFR-based MPC - More automated system
Manual/Operator SLSQP

Decision Making Based on operator  Based on model More consistent
experience predictions

Blaine & Residue Fluctuating More stable Smaller errors

Prediction Accuracy

Response to process  Slow Fast Predictive

changes Adaptive

Bag Filter Fan Speed Tends to be Optimal as needed = More energy efficient
constant high

Separator Speed Manual adjustment Dynamic based on = More stable quality

prediction

Specific Energy Higher Downward Increased efficiency

Consumption (SEC)

Process Stability Frequent More stable Declining process
deviations variation

Human Intervention Height Low Automation increased

Ability to handle Limited Excellent As per the

nonlinearity characteristics of VRM

Risk of overfitting - Low Because of the

ensemble method
Discussion

After this research is carried out, the implementation and integration into the system as
shown above is very feasible because the savings produced are very optimal in saving production
costs. The implementation of the Predictive Control Model (MPC) system based on Random Forest
Regressor (RFR) in the Vertical Roller Mill (VRM) process requires several main investment
components, including hardware, software, system development, industrial communication
network installation, and testing and commissioning processes.

This estimated investment cost is used to analyze the feasibility of implementing a
machine learning-based control system in the cement industry. The estimated investment cost is
prepared based on the minimum requirements of the system so that the model can run in real-
time and is integrated with the existing PLC/SCADA control system on the Vertical Roller Mill
From the results of the comparison, it can be concluded that the use of the Predictive Control
Model based on the Random Forest Regressor provides several main advantages, namely: 1)
Improve the accuracy of predicting process parameters. 2) Lower Specific Energy Consumption
(SEC). 3) Reduce reliance on operators. 4) Improve the stability of the quality of cement products.
5) Optimizing power consumption on BF Fan and Separator. 6) The control system is more
adaptive to changes in operation.
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Table 4. Estimated Implementation Cost

Machine Learning ...

No Investment Specification Qty Unit Price  Total Cost
Items Estimate
1 Industrial Server  Xeon Processor, 1 Unit IDR IDR
32GBRAM,1TB 85,000,000 85,000,000
SSD, Redundant
PSU
2 Software Python  Python, Jupyter, 1 IDRO IDRO
Scikit-learn, Package
Pandas, NumPy
3 Engineer Machine 2 engineers for 3 6 Man- IDR IDR
Learning months Month 20,000,000 120,000,000
4 PLC/SCADA OPC 1 IDR IDR
Integration communication Package 35,000,000 35,000,000
and historian
database
5 Fiber Optic Industrial fiber 1 IDR IDR
Infrastructure optics and Package 25,000,000 25,000,000
accessories
6 Cable Control & Control cable, tray, 1 IDR IDR
Instrument termination Package 30,000,000 30,000,000
7  Network Switch Managed 2 Units IDR IDR
Industrial industrial ethernet 12,500,000 25,000,000
switch
8 UPS & Power UPS industrial 1 Unit IDR IDR
Supply backup server 15,000,000 15,000,000
9  Testing & FAT, SAT, tuning 1 IDR IDR
Commissioning and startup Package 40,000,000 40,000,000
10 Training Training on the 1 IDR IDR
Operator & use of the MPC- Package 15,000,000 15,000,000
Engineer RFR system
11 Documentation & Topology, 10 list, 1 IDR IDR
Engineering architecture Package 10,000,000 10,000,000
Drawing drawing
12 Contingency Cost +10% projectcost 1 IDR IDR
Package 40,000,000 40,000,000
Total Cost IDR
440,000,000

Compared to previous research, the MPC-RFR-SLSQP framework proposed in this study
demonstrates superior performance in terms of SEC reduction. Yang (2020) achieved 15-18%
energy savings using ML-based MPC in building HVAC systems, while Liu (2025) reported 12%
improvement in cement quality prediction accuracy using deep learning. Tong (2023)
demonstrated digitization benefits in Chinese cement plants but did not quantify specific energy
consumption reductions. In contrast, the present study achieves 22.55% SEC reduction with a
multi-year validated industrial dataset, representing the most comprehensive ML-MPC
integration specifically for VRM cement grinding reported to date. The SLSQP optimizer adds a
further 5.6 percentage points of SEC reduction beyond raw RFR-MPC (16.94% to 22.55%),
highlighting the additional value of constrained optimization in this framework.

Theoretical Contribution: This research contributes to the body of knowledge by: (1)
demonstrating the theoretical viability of integrating ensemble learning (Random Forest) within
a Model Predictive Control loop for nonlinear multivariable industrial systems; (2) providing
empirical evidence that SLSQP optimization can serve as an effective post-prediction correction
layer in data-driven MPC; and (3) establishing a transferable methodological framework (data
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preprocessing — RFR modeling - MPC integration — SLSQP optimization) applicable to other
energy-intensive continuous manufacturing processes.

Research Limitations: This study acknowledges several limitations: (a) the model was
trained and validated using data from a single VRM unit in one Indonesian cement plant; (b) the
simulation was evaluated using 11 representative operational data points rather than a
continuous real-time deployment trial; (c) product quality constraints (Blaine and Residue
targets) were not explicitly modeled as hard constraints within the SLSQP optimization
formulation. Directions for Future Research: Future work should (a) validate the MPC-RFR-SLSQP
framework through real-time implementation on PLC/SCADA systems; (b) extend the approach
to multi-mill and multi-plant environments; (c) incorporate Blaine and Residue as explicit
constraint variables in the optimization layer; and (d) investigate hybrid deep learning-MPC
architectures (e.g., LSTM-MPC) for further performance gains.

CONCLUSION

The cement milling process in Vertical Roller Mill (VRM) has complex system
characteristics, is multivariable, nonlinear and is influenced by various operating parameters.
Control with conventional operator-based control and PID has limitations in maintaining product
quality stability and energy efficiency. Modeling of Fresh Feed, Bag Filter Fan Speed and Separator
Speed to reduce energy consumption in the VRM cement milling process can be done using MPC-
RFR-SLSQP. The model was made using process variables, which consisted of input variables: Mill
Power, Inlet mill Draught, Outlet Mill Temperature, Delta Pressure Mill, Delta Pressure Bag Filter,
Mill Vibration, Residue 45 and Blaine. Manipulated variables consisting of: Fresh Feed, Bag Filter
Fan Speed and Separator Speed and variable output, namely quality. This study succeeded in
developing a Machine Learning-based prediction model using the Random Forest Regressor
(RFR) method which is integrated with the concept of Predictive Control Model (MPC) to predict
the parameters of the cement milling process in VRM. The model was built using historical data of
the production process that has gone through the preprocessing stage, including data cleaning,
data integration, normalization, and validation.

The developed model is able to represent the relationship between process input
variables and product quality output variables, especially residue parameters and Specific Energy
Consumption (SEC). The Random Forest Regressor approach has been proven to be able to
capture the nonlinear relationships between process variables quite well and has resistance to
noise and variation of operation data. Based on the results of model validation using multiple
optimizers, it was obtained that SLSQP optimizers provide better performance compared to
without optimizers. The implementation of the Predictive Control Model (MPC) based on Random
Forest Regressor (RFR) has the potential to increase the efficiency of cement milling operations
by maintaining product quality according to blaine and residue targets, while reducing electrical
energy consumption or Specific Energy Consumption (SEC). This approach is expected to be an
alternative to conventional carrier-based control systems towards a more adaptive, stable, and
efficient automatic control system. Quantitatively, the MPC-RFR model achieved R?=0.99936,
RMSE=11.062, MAE=2.488, MAPE=1.12%, wvalidated by 5-fold cross-validation
(R?=0.9987+0.0003). SEC was reduced from 35.47 kWh/ton (conventional PID) to 29.46 kWh/ton
with MPC-RFR (16.94% reduction), and further to 27.47 kWh/ton with MPC-RFR-SLSQP (22.55%
reduction), corresponding to estimated annual savings of IDR 8.63 billion and IDR 11.48 billion
respectively.
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