
Page 1/16

Development of an E�cient Cement Production
Monitoring System Based on the Improved Random
Forest Algorithm
Hanane Zermane  (  h.zermane@univ-batna2.dz )

University of Batna
Abbes Drardja 

University of Batna

Research Article

Keywords: Intelligent automation, Smart manufacturing, Machine learning, Random Forest, Prediction,
Classi�cation.

Posted Date: September 23rd, 2021

DOI: https://doi.org/10.21203/rs.3.rs-914830/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Version of Record: A version of this preprint was published at The International Journal of Advanced
Manufacturing Technology on February 16th, 2022. See the published version at
https://doi.org/10.1007/s00170-022-08884-z.

https://doi.org/10.21203/rs.3.rs-914830/v1
mailto:h.zermane@univ-batna2.dz
https://doi.org/10.21203/rs.3.rs-914830/v1
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/s00170-022-08884-z


Page 2/16

Abstract
Strengthening production plants and process control functions contribute to a global improvement of
manufacturing systems because of their cross-functional characteristics in the industry. Companies
established various innovative and operational strategies and there is increasing competitiveness among
them and increase companies’ value. Machine Learning (ML) techniques have become an intelligent
enticing option to address industrial issues in the current manufacturing sector since the emergence of
Industry 4.0, and the extensive integration of paradigms such as big data, cloud computing, high
computational power, and enormous storage capacity. Implementing a system that can identify faults
early to avoid critical situations in the line production and environment is crucial. Therefore, one of the
powerful machine learning algorithms is Random Forest (RF). The ensemble learning algorithm is
performed to fault diagnosis and SCADA real-time data classi�cation and predicting the state of the line
production. Random Forests proved to be a better classi�er with a 95% accuracy. Comparing to the SVM
model, the accuracy is 94.18%, however, the K-NN model accuracy is about 93.83%, an accuracy of
80.25% is achieved using the logistic regression model, �nally, about 83.73% is obtained by the decision
tree model. The excellent experimental results achieved on the Random Forest model showed the merits
of this implementation in the production performance, ensuring predictive maintenance, and avoid
wasting energy.

1. Introduction
For all countries, manufacturing is a major sector and is a vital gauge of the �nancial status. Despite
sophisticated production, many developed countries are trying to discover new opportunities and
redesign the manufacturing industries to acquire unconquerable positions. It is possible in the presence
of technical progress and advancement of automation and computing to modern factories.

Technology and intelligent methods, in turn, help us achieve enterprise goals through the use of arti�cial
intelligence. A variety of statistical and arti�cial intelligence (AI) approaches are developed for modeling
production line processes in different �elds of industry. This vast domain contains several branches,
including machine learning. Machine learning Algorithms are increasingly more common in many
applications and are extremely bene�cial for a typical operator to utilize.

Machine learning is the knowledge of making computers comprehend and act like people, and provide
facts and information without having to program precisely. It may be classed in supervised models of
learning, semi-supervised models of learning, and non-supervised models. To execute a given task,
machine learning employs several algorithms or models. These algorithms are mostly used in several
�elds, including medical prediction (1–3), psychology (4, 5), object recognition (6–8), quality monitoring
(9) industry (10–12), and many other domains.

However, our technical work focus is on the application of several algorithms to anticipate and classify
diverse sorts of industrial process failures utilizing machine learning approaches. Random forest, SVM,
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and K-NN algorithms are performed to innovate the supervised monitoring system based on an e�cient
predictive model. The methodology combines SCADA real-time data as inputs to the machine learning
model to predict the state of the line production if it is in good functioning or bad.

The remainder of the article is structured as follows. Section 2 contains the contribution and the
motivation of the study. The previous relevant studies concerning the technique of prediction are
discussed in Sect. 3 of methods. Section 4 provides the materials and the data utilized in the proposed
approach, followed by Sect. 5 of results and measuring performance. The last comments and the future
works of this study are provided in the concluding part.

2. Contribution And Motivation
Today's industrial production system is highly complicated due to the enormous demand for industrial
products, which have become an integral aspect of consumers’ lives. Manufacturers were compelled to
utilize technology and intelligent methods for these systems to improve production, minimize production
disruptions, simplify the supervisory process, decrease maintenance costs as much as possible, satisfy
customers, ensure equipment prevention, and save human lives.

We are in favor of using Random Forest models in this article. Random forest achieves higher forecasting
performance than conventional regression. It protects against over�tting and detects interactions
between variables. Due to its bene�ts in comparison to other statistical methods, Random forest is a
popular instrument in a wide range of sectors including image recognition, banking, disease prevention,
and patient health planning. However, Random forest is utilized somewhat less commonly within real-
time data in complex and critical industrial processes.

3. Methods
Because it is relevant to such a wide range of use cases, machine learning is generating a lot of interest.
Classi�cation is a supervised learning method in machine learning in which the computer program learns
from the data input given to it and then utilizes this learning to categorize new observations. Choosing an
algorithm is a key stage in the machine learning process, so ensure it genuinely matches the problem's
use case (13, 14).

3.1 Ensemble learning techniques
Ensemble learning techniques are originally proposed for classi�cation tasks in a manner of supervised
learning in 1965 (15, 16). The decision tree algorithm is a supervised learning method that is used for
categorizing problems and is one of the most common machine learning algorithms in use today. Given a
set of previously classi�ed data, a decision tree is used to categorize subsequent observations. Decision
trees are a sequential model that quickly and cohesively connects a series of fundamental tests in which
a numeric characteristic is compared to a threshold value in each test.
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Learning trees are a frequent starting point for ensemble techniques. Strong learners made up of several
trees are referred to be "forests." The trees that make up a forest might be shallow with few depths or
deep with many depths, while if it is not fully grown it is a lot of depths. Deep trees, on the other hand,
have low bias but a large variance and so are appropriate options for bagging methods that are primarily
concerned with lowering variance.

Random Forests (RF) are ensemble learning algorithms that rely on the combination of several decision
tree-based components grown from a certain amount of randomness. Each tree in the forest utilizes a
different and randomly selected set of predictor variables, which is where the term “random” comes from.
The idea has been exploited during the ’90s as a random subspace method for constructing ensembles
of decision trees (Bagging, Boosting, and randomization) (17–20). However, the formal de�nition and use
of Random Forests (RF) have been announced by Breiman in 2001 for classi�cation and regression
problems.

Their robustness and �exibility made them useful in modeling the input-output relationship (21). The
division criteria and optimization of tree sizes are important to a great much of the prior attention given to
decision trees. Rarely is a problem resolved between over�tting and maximum accuracy. A strategy for
building the decision-tree board classi�cation is provided, maintaining the highest accuracy on training
data and increasingly increasing complexity in terms of generalization accuracy (19).

The random forest algorithm is robust against over�tting compared to many other classi�ers, including
discriminant analysis, support vector machines, and neural networks (22). This idea is proved generally
by improved results achieved by the random forest technique. Its improving and satisfying results make it
applied in different �elds including industry and manufacturing, pattern recognition, risk identi�cation,
and several other �elds (22–26).

3.2 Support Vector Machine
The Support Vector Machine (SVM) is a supervised learning algorithm proposed by Vapnik (27, 28). SVM
is built on decision planes by constructing hyperplanes in two or multidimensional space, which
determine decision boundaries that divide and distinguish between a collection of instances belonging to
various classes. It may be utilized for regression as well as classi�cation (29, 30). It has a strong
theoretical foundation and achieved excellent empirical success.

The accurate categorization of new objects or test instances based on the available train instances is
referred to as optimal separation. The mapping process is the mathematical function known as kernels
that are utilized to map objects (31). SVM employs an iterative method to minimize the error function to
identify the best separable hyperplane and maximizes the margin between classes. Several studies
applied SVM in different other �elds (3, 32, 33), especially, in industry and automation (13, 34–37).

3.3 K-Nearest Neighbor
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The k-nearest neighbor technique or, sometimes, memory-based methods (15). They are useful for
classi�cation and regression problems. In reality, it is more commonly employed to address classi�cation
problems in the Data Science �eld (1). It's a straightforward algorithm that saves all existing instances
and classi�es any new cases based on a majority vote of its k neighbors. The K-NN obtains k neighbors
of the test pattern data from the training data. If a majority of these k neighbors are from a class then the
object is assigned to it. Otherwise, it is assigned to the other class and so on (38). The nearest-neighbor
technique has been used for several purposes (3, 30, 39).

3.4 Logistic Regression
The sigmoid function is used in logistic regression to evaluate data and predict discrete classes that exist
in a dataset. Although logistic regression appears to be a kind of linear regression, it is a classi�cation
approach. Logistic regression predicts discrete classes, whereas linear regression handles numerical
equations and generates numerical predictions to detect connections between variables. Logistic
regression is used to draw a borderline in the input vector's feature distribution domain, and the region
formed by the borderline(s) has a certain class and forms a group.

The parameters forming the boundary line(s) are produced by learning, where the input data �ts into the
region indicates its class at the inference (40). It is generally used for binary classi�cation to predict two
discrete groups after applying a transformation function. The sigmoid function is used to determine the
output and transform numerical values into a probability expression between 0 and 1 (41). Several
studies discussed logistic regression applications (10, 42, 43).

4. Materials And Data
In this study, in an East Algerian cement plant of Ain Touta (SCIMAT), the workshop of a raw mill is
selected. Throughout the production line, the product passes via a collection of electrical, mechanical,
automated equipment and a large number of other devices to process and maintain this operation and
keep it on functionality mode if system needs. The overall procedure of the workshop on raw mills is
shown in Fig. 1.

The dataset is collected from the cement factory. It contains 20 features and one target class that
indicates if the process line is good (1) or in a non-functioning state. The number of samples is about
38,187 collected during the running of the production line for 6 trimesters in 2018/2019. Dataset classes
in our case are the existence or absence of an alarm default. We recorded all sensor settings that can be
utilized as training data for the machine learning system. The line production has 76.93% of good
functioning, however about 23.06%, is in degradation mode. Accordingly, the economic policies of society
might have a catastrophic impact.

The implementation of this work is based on Python language (version 3.8) under the Anaconda
environment. Python incorporates several libraries and packages including Scikit-learn that makes use of
this rich environment to deliver cutting-edge implementations of several well-known machine learning



Page 6/16

techniques, all while retaining an easy-to-use interface that is strongly linked with the Python language.
This addresses the rising need for statistical data analysis by non-specialists in the software and online
sectors, as well as areas outside than computer science, such as biology or physics (44).

5. Results And Discussion

5.1 Data analysis
There are different features that the system utilizes as associated factors. The most important ones
which have a high effect on the supervision system are Transporter Tape �ow M01I01 (Sum of the
workshop feeders quantity (A02, D02, and E02)), M01P1, M01T1, M01P3, M01T3, M01X1, J01J1, and
S01M1I01. The distribution of all studied factors according to the state of the system is displayed in
Fig. 2.

The heatmap presented in Fig. 3 illustrated the correlations between the different attributes of the
selected dataset. All characteristics/features given in the dataset are very less correlated with each other.
This implies that we have to include all the characteristics because we can only eliminate the
characteristics where the correlation of two or more characteristics is very high.

Regarding the plot displayed in Fig. 2, several observations are noted. Factors indicators that in�uence
negatively the state of the line production are the crusher acoustic indicator (M01X1) and the operator
sp03 (QCXH20). Figure 4 displayed the different in�uential factors on the functioning of the line
production.

5.2 Model Construction and Results
In our experiments, the data set is split into two parts, respectively as the training set (67%) and testing
set (33%). The training set is used to train the prediction model while the testing set is used to validate the
performance of the trained model. More speci�cally, the accuracy of predictions on the testing set, the
core and key of further applications, plays an essential part in the validation and directly affects whether
it could be used. During the �rst stage, the algorithms were applied to a training dataset and the
performance was evaluated. Later, the algorithms were applied to a testing dataset to make predictions.

In the �rst model, the process of building decision trees involves asking a question of each instance and
then continuing to split. When multiple features decide the target value of a particular instance, which
feature should be chosen as the root node to start the split process, in what order should we continue to
choose features with each new division of a node. Hither is a need to measure the informative character
of the features and to use the feature with the most information as a feature to divide the data. This
information is given by a measure called "information gain". Therefore, understanding the entropy of the
dataset is indispensable.
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The labeled dataset is trained using Random Forest Classi�er for 200 decision trees per estimate.
Figure 5 displayed a part of the decision forest that displays a decision about the elevator load that
indicates that with its value (57.5%), the system state is in good functioning based on the majority of
“class 1” which is 11 against 7 belonging to “class 0”.

5.3 Model evaluation
Results demonstrate the overall system performance enhancement in predicting bearing failure when
modeled data are included with SCADA data. Based on data from the cement plant, the performances of
different machine-learning models on unseen data are then evaluated using industry-standard metrics
including training accuracy, testing accuracy, sensitivity, and speci�city. Evaluation results are collected in
Table 1.

Table 1
The evaluation metrics of the predictive model.

Metrics Value

Training Accuracy 0.9498058899650994

Testing Accuracy 0.9484913621526948

Sensitivity 0.9796095444685466

Speci�city 0.9414976599063962

AUC Score 0.9844503878559198

Other metrics such as accuracy, precision, recall, and F1 score, and AUC (area under the receiver operating
characteristic curve) are utilized to evaluate the model. The improvement is in terms of accuracy,
precision, recall, F1 score, and AUC Score based on the best modeling case in this study. The accuracy is
the proportion of right predictions made by the entire model divided by the total number of samples used
to test the model. It is the total number of correct predictions divided by the total number of assessment
samples.

The recall is the percentage of items accurately predicted in a class. It is a relationship between the
number of instances properly predicted and the total of correct predictions and missed right predictions
for that class. The precision is the proportion of valid predictions for each class divided by the number of
evaluation samples for each class. The weighted average of accuracy and recall is the F1-score. The
support is the number of occurrences of each class in the true output. The model's evaluation report is
collected in Table 2.
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Table 2
The random forest model evaluation report.

  precision recall f1-score support

Class 0 0.98 0.79 0.87 2858

Class 1 0.94 1.00 0.97 9703

accuracy     0.95 12561

macro avg 0.96 0.89 0.92 12561

weighted avg 0.95 0.95 0.95 12561

After validating our model we check the confusion matrix to understand how the model performs for each
label. The matrix revealed to present values and percentage of prediction illustrated in the matrix in Fig. 6.
(a). The ROC curve of the implemented model and every point is above the no-skill line is showed in
Fig. 6. (b).

In terms of evaluation indicators, we test the classi�cation accuracy in different classi�ers to evaluate the
performance of the proposed scheme. Comparing to the SVM model, the accuracy is 94.18%, however,
the K-NN model accuracy is about 93.83%, an accuracy of 80.25% is achieved using the logistic
regression model, �nally, about 83.73% is obtained by the decision tree model.

6 Conclusion
The concept is that machine learning has been integrated into the industry and that this theory applies to
a practical industrial project. For the learning model, we adopted the RF algorithm and for the industrial
actual project, SCIMAT society. This paper provides a system with the ability to classify data using the
Random Forest classi�er. A comparison is carried out with Support Vector Machine (SVM) and K-NN
classi�ers. After analyzing the results of several experiments of compared machine learning algorithms
that were applied to the dataset, it was observed that overall Random Forest was the best algorithm to be
used.

When the results of different classi�ers were examined, the accuracies of these classi�ers ranged
between 80% and 95%. The accuracies were found to be for the Random Forests proved to be a better
classi�er with a 95% accuracy of correct classi�cation rate, SVM model about 94%, however, the K-NN
model accuracy is about 93.83%. an accuracy of 80.25% is achieved using the logistic regression model
and about 83.73% is obtained by the decision tree model.

The learning model and architecture presented improve control �exibility. The capacity to handle data
and a great deal of information to boost productivity, minimize maintenance costs, and several other
advantages. In the future, we can use test the presented dataset with other improved machine learning
algorithms to provide better e�ciency.
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Figures

Figure 1

Process of the raw mill workshop.
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Figure 2

Distribution of factors according to the state of the system.
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Figure 3

The heatmap of features.
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Figure 4

In�uential factors.

Figure 5
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Part of the random forest.

Figure 6

Evaluation of the random forest model.


