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Abstract: In recent years, the rapid advancement of artificial intelligence (Al) has spurred progress across various industries,
including manufacturing, propelled further by the advent of big data. Notably, the processing industry, encompassing sectors
like metal smelting, chemical production, cement manufacturing, and glass production, generates vast amounts of data due to
the nature of its operations. This paper employs Al-driven data analysis techniques, specifically utilizing association rule data
analysis and dynamic clustering-based discretization technology, to comprehensively study and summarize this data. Test data
from cement clinker and cement grinding processes are employed to validate the efficacy of these methods, with the analysis
results visualized and outputted for use by enterprise analysts. This approach offers significant advantages over traditional data
analysis methods, notably in terms of time, efficiency, and cost savings, thereby bridging the gap in intelligent development

within the manufacturing industry.
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1 Introduction

The process industry encompasses production
processes involving physical and chemical changes, with
prominent sectors including metal smelting, chemical
manufacturing, cement production, papermaking, and glass
manufacturing. In recent years, the process industry has
exhibited characteristics characterized by "two highs and
two lows," namely high production energy consumption,
high production costs, low productivity, and low resource
utilization [1-2]. This trend is particularly evident in
industries such as cement manufacturing. Research on
process industry data, both domestically and internationally,
primarily focuses on data mining, data cleaning, and data
integration.

Given that many process industries continuously
record vast amounts of process parameter data at each
production node—such as in cement production, iron and
steel smelting, pulp washing, and glass manufacturing—this
data can be analyzed and processed in real-time using
relevant data mining algorithms to uncover hidden
correlations. By establishing correlation models between
product quality, energy consumption, and other process
parameters, decision-makers can adjust market strategies,
reduce costs, and make informed decisions [3-4]. Currently,
data mining methods for processing process industry

parameters primarily include cluster analysis, association
rules, classification algorithms, and bias analysis [5].

This paper focuses on elucidating the variable factors
influencing cement production in a specific cement
company. It employs association rules data methodology in
artificial intelligence for data processing and analysis,
aiming to delineate the impact of different variables within
the production environment. Additionally, the paper
introduces a process industry data analysis system
developed based on association rules data analysis and
processing in artificial intelligence [6-7]. Compared with
traditional data analysis methods, this approach offers more
precise, accurate, and efficient assistance to enterprises.

2 Related Work

2.1 Process Industry

The manufacturing sector, comprising both discrete
and process manufacturing, encapsulates diverse industries
vital to global production. [8] Discrete manufacturing spans
sectors such as automotive, home appliances, electronics,
machinery, and equipment, where products are distinct
entities assembled from various components. On the other
hand, process manufacturing includes sectors like
petrochemicals, steel, cement, glass, and food, where raw
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materials undergo chemical or physical transformations to
produce goods.

In the intricate landscape of the process industry, the
manufacturing process involves a multitude of chemical and
physical alterations. These transformations must be carefully
controlled and optimized to ensure efficient production [9].
Such optimization often demands extensive data support, as
process parameters, environmental conditions, and material
characteristics play crucial roles in determining the
outcomes of manufacturing processes.

Recognizing the complexity and scale of data
involved, an increasing number of process enterprises are
turning to artificial intelligence (Al) for solutions. Al offers
powerful tools and techniques for analyzing vast amounts of
data, identifying patterns, and optimizing processes to
enhance productivity and efficiency. In recent years,
numerous Al-driven optimization software solutions have
matured, catering to the diverse needs of enterprises across
various industries [10].

The adoption of Al in the process industry represents a
strategic move for enterprises seeking practical solutions to
production challenges. Al-powered systems can leverage
historical data to predict outcomes, optimize processes in
real-time, and even autonomously adjust production
parameters for optimal results. By harnessing Al
technologies, process enterprises can unlock new levels of
efficiency, quality, and cost-effectiveness, thereby gaining a
competitive edge in the market.

In summary, the integration of artificial intelligence
into the process industry heralds a new era of intelligent
manufacturing. As Al continues to evolve and mature, its
transformative impact on process optimization and
production management will become increasingly
pronounced, driving innovation and growth across the
manufacturing landscape.

2.2 Industrial Data Analysis Technology

Industrial big data refers to the utilization of intelligent
and interconnected information and communication
technology within the operational framework of the
industrial Internet of Things, encompassing the organic
integration of products, machinery, resources, and human
involvement. This integration results in a significant influx
of data generated by industrial equipment at a rapid pace

[11]. The analysis of industrial big data involves a diverse
array of methodologies aimed at extracting meaningful
insights and facilitating informed decision-making.

Predictive analysis stands out as a cornerstone of
industrial big data analysis. This method entails the
extraction of features from large datasets and the application
of data modeling techniques to anticipate future trends. By
incorporating new data and employing predictive analytics,
stakeholders gain the ability to make intuitive and informed
decisions based on predictive insights. [12] This predictive
capability enhances the agility and responsiveness of
industrial operations, enabling proactive measures to be
taken in response to emerging trends and potential
challenges.

Alongside predictive analytics, data visualization plays
a crucial role in industrial big data analysis. Through
intuitive visual representations, data visualization tools offer
invaluable insights into complex datasets, enabling users to
grasp intricate patterns and relationships more effectively.
By presenting data in a visually compelling manner, these
tools empower stakeholders to make data-driven decisions
with confidence, fostering a deeper understanding of
operational dynamics and facilitating strategic planning
initiatives.

2.3 Association Rule

Association rule mining, also referred to as
"association analysis," constitutes an unsupervised learning
algorithm widely employed in various domains, including
educational data mining, due to its fundamental significance.
This technique serves to uncover correlations or
relationships within extensive datasets, identifying rules and
patterns wherein specific attributes co-occur across multiple
instances. Consider a scenario where | represents an item set
within a given transaction set T [13]. Let X and Y denote
subsets of I. If there exist transactions within T containing
both X and Y, an association between X and Y is
established, denoted as X—Y. Within this association, X is
termed the antecedent or first term, while Y is referred to as
the consequent or last term of the rule. Typically, when the
proportion of transactions containing both X and Y relative
to the total number of transactions within the transaction set
is high, the correlation between X and Y is deemed strong
[14-15].
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Figure 1 Association rule algorithm example diagram
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The discovery of compelling association patterns or
interrelationships among sets of items from vast datasets
represents a core objective of association rule mining.
Serving as an unsupervised learning approach, it stands as
one of the primary techniques in the realm of data mining.
In a recent study [16], this method was applied within the
context of process industry data analysis. Leveraging the
distinctive attributes of association rules, researchers
analyzed the correlation among various data variables within
the process industry domain, thereby facilitating the
identification of optimal solutions. This application
underscores the versatility and efficacy of association rule
mining in uncovering valuable insights and informing
decision-making processes within complex industrial
settings.

3 Al Association Rules in Process
Industry

In the era of big data, leveraging data has become a
pivotal challenge, particularly for decision-makers in
concrete production who can no longer rely solely on their
intuition and experience [17]. This challenge is even more
pronounced in process production enterprises, where a
multitude of environmental and chemical data, coupled with
high data volume, renders traditional analysis methods
inadequate for modern enterprise needs. To enhance
production efficiency, reduce energy consumption, and
minimize environmental impact, artificial intelligence
algorithms are increasingly employed to extract meaningful
insights from vast datasets, leading to optimal solutions
through thorough processing and analysis [18]. This paper
focuses on a case study of a cement company within the
process industry, aiming to discretize parameter data to
establish a robust link between the discretized data and the
original industrial dataset. This approach aims to preserve
the essence of the original data while enhancing data
accuracy post-discretization [19-20]. Leveraging association
rule data analysis enables analysts to uncover valuable
patterns associated with specific parameters, facilitating
intelligent enterprise management.

3.1 Experimental model

The Association Rules Analysis Data Algorithm
utilizes the Apriori algorithm, leveraging prior knowledge of
frequent itemset attributes and employing an iterative layer-
by-layer search method [21]. Initially, the algorithm
identifies the set of frequent 1-item sets, denoted as L 1.
Subsequently, L1 is used to derive the set of frequent 2-item
sets, denoted as L2, and this process continues until no
frequent set of k items can be identified. The Apriori
algorithm operates through two key steps: connection and
trimming.

Firstly, in the connection step, candidate k-item sets are
generated by concatenating LK-1 with itself, forming a set
known as Ck. Secondly, in the pruning step, Ck is pruned to
obtain Lk. Notably, Ck serves as a superset of Lk, meaning
it may contain both frequent and non-frequent itemsets, but
all frequent k-item sets are guaranteed to be included in Ck.

To determine the support count of each candidate in Ck, the
algorithm scans the database, subsequently identifying the
frequent itemsets and producing Lk. This systematic
approach ensures the efficient mining of association rules
from large datasets, facilitating valuable insights into
underlying patterns and relationships.

3.2 Experimental Process

(A) Extraction database and data preprocessing

In the data preparation stage, the original data of
factory A is simply cleaned and extracted locally to form a
local data center, in which homologous and heterogeneous
data of various industrial fields and various time periods will
be integrated. The research in this field of data integration
has been relatively in-depth. When raw data for process
industry parameters is obtained locally, the maximum,
minimum, average, and median values for each attribute in
the data are calculated. This paper takes cement data as an
example, and part of the calculation results are shown in
Table 1. In order to see the distribution of each attribute
more intuitively, the frequency distribution histogram of
each attribute should be drawn. Figure 2 is the frequency
distribution histogram of the "free calcium™ attribute in
Table 1, with two decimal values reserved.

Table 1: Cement clinker data parameter original value and interval

Stats Maximum Minimum Mean value median
value value
Feed rate (t/h) 450.42 343.88 410.55 414.98
Kiln speed (rpm) 5.16 2.98 3.69 3.72
Fineness of raw material (%) 20.17 10.38 11.48 11.53
C1 tube outlet temperature (° C) 342.75 261.05 321.05 320.36
C2 tube outlet temperature (° C) 525.40 353.53 493.14 483.29
C3 cylinder outlet temperature (° C) 654.63 436.95 612.61 608.75
C4 cylinder outlet temperature (degrees C) | 786.38 541.47 755.32 758.83
C5 cylinder outlet temperature (degrees C) | 870.17 596.08 842.65 846.10
Smoke chamber temperature (C) 1285.42 933.84 1254.24 1263.58
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Secondary air Temperature (C) 1248.67 700.58 1143.51 1150.08
Tertiary air temperature (C) 994.33 491.88 905.56 913.13
Free calcium (%) 2.85 0.84 1.47 1.43
Vertical weight (G/L) 1284.67 843.00 1250.79 1259.00
Unit coal consumption (kg/kg.Cl) 0.18 0.13 0.15 0.14
Clinker 28-day Strength (MPa) 61.30 53.30 56.28 56.80
35
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Figure 2: Distribution of free calcium frequency

After determining the reasonable range of industrial
production parameters for each process, including the
maximum and minimum values, and the optimal value
within this range (typically the midpoint), data points
outside this range are removed. Subsequently, the average
and median of each attribute are checked to ensure they are
within 10% of the optimal value. If not, extreme data points
(maximum and minimum values) are iteratively removed
until the criteria are met, ensuring high concentration of
industrial data.

Following preprocessing of the parameter data, the
processed data is discretized for input. However, traditional
algorithms often yield unstable clustering results. To address
this issue, this paper employs an artificial intelligence
association rule algorithm for training, resulting in improved
clustering effectiveness.

(B) Establish the model

Input process industry data set X = {x1,x2,..., xn}, the
data object xi is the data, xj is the dimension of the data, the
distance between xi and xj is defined as:

i=12..,n, j=1.2,..,n(3-1) 1)

The density of xi is defined as:

Density(xi) = Count{x [X€X, |x - xi| &It; r}
)

The sample density threshold is defined as:

c is a constant. The scope of the initial cluster center
field is defined as:

dm = {x [x€X, min(xi) +(M-1)xR< x &It; min(xi) +
mxR} 3

R represents the width of the central field of each

initial cluster, defined as:

R =(1/k)*(max(xi) -min (xi)), i =1, 2,..., n;
.k 4)

k is the number of cluster centers. Define the data sets
X'and Y' as:

X' = {x |[xeX, density(x) > threshold}

m=1,
2, ...

(®)
Y' = {y [yeX, density(y) &lt; threshold}
(6)

X' represents the set of all sample points whose density
is not less than the threshold, and Y' represents the set of
sample points whose density is less than the threshold.

(C) Network training

In the first step, input process industry parameter data
set D and cluster number k. The sample distribution density
and minimum sample density threshold of each sample point
are calculated, and the sample points not less than the
threshold are stored in the set X', and the others are stored in
the set Y'.

The second step is to select the sample point with the
largest sample distribution density in each domain in the
dataset X' as the initial cluster center domain.

In the third step, the clustering center generated in the
second step is taken as the initial clustering center, and the
clustering is completed by the general K-Means method.

The fourth step is to calculate the distance between the
outlier sample point and the cluster center after K-Means
clustering, and divide it into the nearest cluster. Finally
output cluster C = {C1,C2,... ,Ck}.
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Table 2:Some cement clinker production data discrete results

Stats Interval 1 Interval 2

Interval 3

Interval 4 Interval 5 Interval 6

Feed rate (390402, 7
(t/h)

[402409]

(409,412]

(412,416] (416,424] | (424,435

Kiln speed
(rpm)

(3.6,3.65] | (3.65,3.7]

(3.7,3.73]

(3.733.78] | (3.78,3.85] | (3.85,3.9]

Fineness of
raw
material
(%)

(1045, 11] | (11,11.23]

(11.23,11.35]

(11.35,11.42] | (11.42,11.5] | (11.5,11.85

Free (1.2,1.32]
calcium (%)

(1.32, 1.43]

(1.43,1.5]

(1.5,1.54] (15416] | (1.6,1.7]

Vertical
weight
(G/L)

(1200,1230] | (1230,1243]

(1243,1255]

(1255,1260] | (1260,1264] | (12641280]

It can be seen that the division of data is a dynamic
result, and the artificial intelligence association rule
algorithm is used to make the data range of interval division
more refined. Moreover, the experimental results of this
method for cement clinker data mining have more valuable
association rules and higher confidence than the
experimental results of traditional classification methods
[22]. For example, when excavating the strength of cement
clinker, this method can excavate the influence of "free
calcium™ on the strength of cement clinker, which is not
available in traditional methods.

3.3 Experimental algorithm

By preprocessing the data collected from enterprise A
and conducting association analysis, association rules
between parameters were mined by setting parameters such
as support degree and confidence degree. According to the
standard of the general process industry, a minimum support
of 20% and a minimum confidence of 0.5 were set, resulting
in 26,609 association rule results.

However, traditional data analysis and calculation
methods prove insufficient for handling massive data
calculations. Most parameters under the traditional
algorithm are irrelevant to our requirements, and the number
of rules related to the 28-day strength of cement clinker and
unit coal consumption exceeds 1000, adding complexity to
statistics.

Given the vast amount of cement clinker production
data and the intricate relationship between parameters, this
paper employs an artificial intelligence association rule
algorithm for analysis, focusing on the 28-day strength of
clinker as the target parameter. With a minimum confidence
of 0.5, minimum support of 0.2, and minimum weight of
0.05, association rules regarding the relationship between
cement clinker strength and each parameter variable were
established.

Among these, 6 variables were identified as correlated
with cement strength: C4 tube outlet temperature, smoke

chamber temperature, raw material fineness, C2 tube outlet
temperature, tertiary air temperature, and free calcium.

Table 3:Association rules for cement strength data

Confidenc
e degree

Target | Related Interval | Interval
attribut | attribute minimu | maximu
e m m

Cemen | C4simple | 755.0 770.0 0.93
t exit
clinker | temperatur
28d e

strengt | Smoke 1265.0 1285.0 0.93
h chamber
temperatur

e

Fineness 11.0 11.5 0.55
of raw
material

C2 tube 490.0 500.0 0.55
outlet
temperatur
e

Tertiary 900.0 940.0 0.55
wind
temperatur
e

Free 15 1.6 0.55

calcium

There are 11 associated variables related to cement unit
energy consumption: smoke chamber temperature, C4 barrel
exit temperature, C5 barrel exit temperature, vertical lifting
weight, kiln speed, decomposition furnace exit temperature,
secondary air temperature, C2 barrel exit temperature, C1
barrel exit temperature, raw material fineness, and C3 barrel
exit temperature. Among these, C1 cylinder exit
temperature, C2 cylinder exit temperature, C3 cylinder exit
temperature, C4 cylinder exit temperature, C5 cylinder exit
temperature, and kiln speed are directly controllable.

Utilizing these data, which exhibit strong correlation among
variables, can guide major cement enterprises in controlling
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unit coal consumption during cement clinker production. By
maintaining these parameters within a low range, energy
savings can be achieved.

Table 4: Association rules for unit energy consumption data

Target attribute Related attribute Interval minimum | Interval maximum | Confidence
degree
Unit energy C4 cylinder outlet | 753 770 0.88
consumption temperature
(0.141-0.145) Smoke chamber 1260 1285 0.92
temperature
Fineness of raw 479 115 0.50
material
C2 simple exit 1165 491 0.58
temperature
Secondary air 833 1198 0.69
temperature
C5 simple exit 1260 851 0.85
temperature
Litre weight 3.7 1280 0.79
Kiln speed 876 3.85 0.69
Calciner outlet 315 894 0.69
temperature
C1 Simple outlet | 597 321 0.54
temperature
C3 tube outlet Interval minimum | 611 0.50
temperature

3.4 Practical Conclusions

Through the specific application of association rules
data analysis in A cement company, it becomes evident that
the outlet temperature of the decomposing furnace is
primarily influenced by factors such as feed amount and kiln
speed, which can be indirectly controlled [23-25].
Conversely, vertical lifting, a variable challenging to
regulate, is influenced by factors including fueling methods,
choice of calcining process, kiln atmosphere, and operator
proficiency. Lower vertical lifting reflects greater technical
proficiency and is advantageous for coal conservation.
Consequently, major cement enterprises can manage unit
coal consumption in cement clinker production by adjusting
association rule parameters obtained through artificial
intelligence, thereby achieving energy efficiency and
increased production.

Comparing the data rules extracted using artificial
intelligence association rule data analysis with those from
traditional methods reveals richer and more confident rules.
[26]For instance, association rules regarding free calcium
and clinker 28d strength unearthed through this approach are
absent in traditional mining methods. This discovery
enhances the optimization and control of clinker product
quality in cement industry production, elevating energy
utilization efficiency and mitigating environmental impact.

4 Conclusion

In conclusion, the application of artificial intelligence-
driven data analysis, particularly through association rule
mining and dynamic clustering-based discretization
technology, holds immense promise for optimizing
processes and improving efficiency in the processing
industry. [27-29] By leveraging these advanced technigues,
valuable insights can be gleaned from vast datasets, enabling
enterprises to make informed decisions, reduce costs, and
enhance productivity. The case study conducted on a cement
company demonstrates the efficacy of these methods in
identifying key parameters influencing production
outcomes, thereby facilitating targeted interventions for
energy savings and increased efficiency.

Looking ahead, the integration of artificial intelligence
into process industry data analysis is poised to revolutionize
manufacturing practices further. As Al technologies
continue to advance, the scope and depth of insights derived
from industrial data are expected to expand, enabling
enterprises to achieve unprecedented levels of optimization
and performance. Moreover, ongoing research and
development in Al-driven data analysis methodologies will
likely yield even more sophisticated tools and techniques,
further enhancing the competitiveness and sustainability of
the manufacturing sector in the years to come.
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