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Abstract

In order to reduce the influence of uncertainty factors during the operation of centrifugal
compressors, text data mining method is used to extract text data from 942 fault records
of centrifugal compressors of a pipeline. The 942 data were classified by 5SM1E analysis,
and the data set was scanned several times based on Apriori algorithm, and the support,
confidence and boost of the itemsets were calculated to discover all the frequent
itemsets, so as to generate association rules. The results show that by setting the
thresholds of support and confidence, 22 strong association rules are obtained, and "the
degree of aging of compressor components” and "the degree of performance degradation
of compressor components" are found to have higher support and more association
rules, which provides a good solution for the evaluation and control of the factors
affecting compressor failure. This provides an effective reference for evaluating and
controlling the factors affecting compressor failure.
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1. Introduction

In China's petrochemical field, natural gas compressor is one of the most important power
protection equipment in the process of natural gas pipeline network management[1],
centrifugal compressor as the provision of the main power energy equipment, if the failure
occurs in the operation process, it will lead to the enterprise to suffer huge economic losses|[2].
This paper adopts the data mining method, based on the Apriori algorithm for a pipeline
centrifugal compressor (hereinafter referred to as the compressor) failure data to generate
frequent itemsets, through the setting of the minimum support degree and confidence level to
screen the key influencing factors and through the item set of the degree of enhancement of the
judgement of whether to generate the correlation rules for the management of the compressor
to provide an effective reference, and for the follow-up of the compressor failure assessment
system to provide certain ideas.

2. Related Works

The research on fault diagnosis and technology of centrifugal compressors has become a
common concern and research topic in related fields all over the world. Jianwen Xing et al[3]
constructed a Bayesian network based on hazard and operability analysis to diagnose the faults
of fuel-driven centrifugal compressor systems. Zhu Yongren et al[4] transferred the
compressor operating parameters as input feature parameters of ant colony clustering
algorithm for fault diagnosis of centrifugal compressors. Xu Ye et al[5] proposed a method of
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centrifugal compressor surge diagnosis based on the fusion of multi-source information such
as flow, pressure and vibration.Jun[6] applied the Bayesian network method to the reliability
analysis of centrifugal compressor to analyse the compressor failure factors.Spuntrup[7] used
the fault tree analysis method to model the reliability of the six main sub-systems, including the
compressor body, the control and monitoring and the lubrication system, and determined the
reliability of the system. Reliability modelling was carried out to identify the most common
faults of the system.Golmoradi[8] obtained features from the compressor pre-processing
signals as inputs to the support vector machine and subsequently optimised the support vector
machine parameters using genetic algorithm.

Although there have been studies on compressor fault diagnosis, with the increase in the
number of compressor production and years of service, the failure rate of compressors has
gradually increased, and the problem of insufficient quantitative correlation analysis of the
factors affecting compressor failures has also emerged.Apriori [9] is a classical correlation
algorithm based on the set of frequent items. It can be used to analyse the influencing factors
and explore whether there is an association between the influencing factors.

3. Methods

3.1. Overview of Association Rules

Association rule analysis is a commonly used technique in data mining[10] for uncovering the
relationships between itemsets and itemsets in a dataset, i.e., to find out the correlations and
dependencies between data items. In association rule mining, the most classical algorithm is
Apriori algorithm|[11], frequent itemsets can be effectively identified by this algorithm and
construct association rules. Therefore, in this paper, Apriori algorithm is adopted for
compressor failure influence factor analysis.

3.2. Apriori Algorithm

The Apriori algorithm is generally based on three metrics: support, confidence, and lift. Support
is a measure of how often an association rule appears in the dataset. It represents the ratio of
the number of items of a particular rule to the total number of items. For example, the support
of an item set A is the ratio of the number of items of A to the total number of items:

N(A)

Support(4) = P(A4) = NALD) (1)

Confidence is a measure of the probability that if one item set occurs, another item set also
occurs. For example, the probability that B occurs at the same time as A occurs is the ratio of
the number of items in the itemsets A and B to the number of all items containing A:

P(AUB) _ N(4,B)

Confidence(A, B) = Pd) NA) (2)

The degree of lift is a measure of how much the probability of an occurrence of one itemset is
increased by the occurrence of another itemset. A lift greater than 1 indicates a positive
association between the two itemsets, while less than or equal to 1 indicates no association
between the two. For example, the probability of an item A appearing together with an item B,
but also considering the probability of this item B appearing, is the ratio of the number of items
in itemsets A and B to the number of items in A to the number of items in B:
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P(AUB) _ N(A,B)

A= p By NANE) N

3.3. Basicldea

Apriori algorithm is an association rule mining algorithm based on frequent itemsets.The basic
idea of Apriori is as follows:

(1) Scan the dataset and calculate the support degree of each item, i.e.,, how often the item
appears in the dataset. According to the set minimum support threshold, the items with support
above the threshold are filtered out as candidate item set C1.

(2) Based on the candidate itemset C1, generate the frequent itemset L1, the itemset whose
support is higher than the threshold. Generate candidate itemset CK by iterating layer by layer
and use the dataset for support calculation and screening until no new frequent itemset can be
generated.

(3) Generate association rules based on frequent item sets. For each frequent item set LK,
generate all its non-empty subsets as the premise of the rule and the remaining items as the
conclusion of the rule. Calculate the confidence level of the rules and filter the association rules
whose confidence level is higher than a set threshold.

(4) Steps 2 and 3 are performed iteratively until no new frequent itemsets or association rules
can be generated.

(5) Setting the lifting degree threshold to generate strong association rules between itemsets.
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Fig.1 Basic flow chart of Apriori algorithm
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4. Results and Discussion

4.1. Text Mining Overview

Text mining[12] technique is a technique for extracting and discovering meaningful
information from large amounts of text data. The process of text mining is generally divided
into six parts: text collection, text pre-processing, text linguistic processing, data analysis, result
visualisation and structural output[13], as shown in Fig. 2.

Get the text data source: Textual language processing:
Summary of causes of | Text Preprocessing: N participle
failure of a pipeline i Data Cleaning - morphological marking
COmpressor Remove the stop word

h 4

Data analysis:
word frequency
Association analysis

Visualisation of results:|_
word cloud diagram

A

Result output

Fig.2 Text mining technology flow

4.2. Data Processing

Texts were collected from the summary table of failure data of a pipeline centrifugal
compressor unit, and 942 failure data texts were obtained after deleting unimportant data.
Python is used as the programming language of text mining technology, combined with Jieba
library to group the text with split words, and Wordcloud library to visualise the results and
draw the word cloud as shown in Fig.3. The font size of the word cloud indicates the frequency
of occurrence of fault factors, and component damage, voltage fluctuation, signal abnormality,
high temperature, phase loss, tripping and External lightning factor appear with high frequency
counts, which are the main causal factors.
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Fig.3 Text mining word cloud graph

The corresponding indicators need to be established after the classification of raw data. This
paper adopts 5M1E analysis[14] as the scientific method to determine the classification index,
man, machine, material, method, environment and measurement as the main factors affecting
compressor failure. Based on the first-level index of "5M1E", combined with the word cloud
diagram, the second-level index can be classified and labelled as shown in Table 1.
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Table 1. Impact factor numbers

Level 1 indicators Secondary indicators
A1 Operator skill level; A2 Operator responsibility intensity; A3 Operator proficiency
A man in performing maintenance procedures; A4 Operator training level; A5 Manager resp

onsibility; A6 Supervisor responsibility
B1 Compressor Selection Reasonableness; B2 Compressor Design Reasonableness; B
3 Compressor Component Ageing Degree; B4 Compressor Component Performance

B machine Degradation Degree; B4 Inspection Instrument Accuracy; B5 Auxiliary Tool Reasonab
leness
C1 Degree of connection of compressor nodes; C2 Strength of component materials;
C material C3 Durability of component materials; C4 Robustness of component materials; C5 Qu

ality of lubricants

D1 Degree of standardisation of operation; D2 Degree of reasonableness of maintena
nce plan; D3 Degree of reasonableness of maintenance method; D4 Degree of accurac
D method y of fault diagnosis method; D5 Degree of standardisation of management; D6 Degree
of reasonableness of training method for operators; D7 Degree of reasonableness of
skill enhancement method.

E1 Compressor Operating Environment; E2 Compressor Parking Environment; E3 Se
vere Weather Environment; E4 Field Maintenance Environment

F1 Compressor Signal Transmission Inspection Accuracy; F2 Compressor Componen
F measurement | t Quality Inspection Accuracy; F3 Compressor Construction Connection Inspection A
ccuracy; F4 Compressor Production Quality Inspection System

E environment

After dividing the indicators, the text-mined phrases were compared with the secondary
indicators in Table 1 of the evaluation indicators, and the 942 failure data were compared one
by one to form the text analysis data as shown in Table 2.

Table 2. Data related to the algorithm after preprocessing

Data number Impact factor number
P1 C3,D5
P2 B3, A3
P562 C2,C3
P942 B1,B3,C2,C3

4.3. Parameter Setting

In order to make the association rules practical, the minimum support setting needs to be made
according to the actual needs and the characteristics of the dataset, which helps to ensure the
quality and accuracy of the generated rules and effectively avoid the appearance of duplicate
rules. Similarly, the setting value of minimum confidence should balance the rigour of the rules
and the number of generated rules to ensure the effectiveness of the mining results.

In this paper, we first set the minimum support to 0.02 and the minimum confidence to 0.4[15]
to obtain a larger number of association rules, after which a more objective and regular analysis
is carried out by changing the thresholds of minimum support and minimum confidence.

4.4. Analysis of Results

Then, by adjusting and setting the minimum support degree and the minimum confidence
degree, the support degree of most influencing factors of the compressor is obtained, and
generates a scatter plot as shown in Fig.4.
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Fig.4 Calculation results of support degree

As can be seen in Fig. 4, only a small number of influencing factors are higher than 0.2, which is
due to the selection of a large sample size and the low probability of each influencing factor
appearing in the sample.

Further, each of the 6 major factors of 5SM1E has a different degree of influence on compressor
failure. As can be seen from the figure, the probability of occurrence of "machine"”, "method"
and "measurement” indicator factors is low. What is more special is that the four indicators
contained in the "ring" polarisation is more obvious, the higher two indicators are related to
the environment of the natural climate and the operating environment, need to focus on it. In
addition, the support for the impact indicators contained in "people" and "materials" is mostly
distributed in the middle and high ranges, indicating that the main impact factors of the
compressor are related to "people” and "materials". This indicates that the main influence
factors of the compressor are strongly related to "people"” and "materials”, and therefore the
main influence factors of the compressor should be improved from "people" and "materials" to
improve the reliability of the compressor.

According to the results shown in Fig. 4, the minimum support degree is 0.1 and the minimum
confidence degree is 0.5, and 22 association rules are obtained, and Table 3 shows the output
results of association rules.

Taking the influence factor A1l in Table 3 as an example, the confidence level of the correlation
factor between the A1 factor and the A2 factor is 0.63, and the result shows that when the Al
factor causes the compressor failure, there is a 63% probability that the factor A2 occurs at the
same time. Further, the degree of enhancement of factor Al and factor A2 is 2.37, the results
show that when factor A1 occurs, the probability of A2 occurring simultaneously with the
probability of only factor A2 is 2.37, the results are greater than 1, indicating that A1 and A2
have a strong correlation, and the rest of the correlation factors, A3, has a degree of
enhancement of 3.16, B3 has a degree of enhancement of 2.13, and E3 has a degree of
enhancement of 1.99, which suggests that the factor A1 causing Compressor failure is not the
cause of a single factor, but the result of multi-factors.

The confidence and enhancement output results can be analysed to reduce the potential failure
that may be brought by the association factors by analysing the former factors, effectively
reducing the failure rate of the compressor. In addition, correlation rules can be used to
indirectly control some of the less controllable factors. For example, in Table 3, Al is the E3
correlation factor with a confidence level of 53% and an enhancement of 1.99. Due to the large
degree of variation of the E3 factor in the severe weather environment, it is difficult to
accurately assess it, so it is possible to monitor A1 and thus reduce the uncertainty brought by
the E3 factor.
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It can also be found in the results of Table 3 and Fig. 5 that the B3 and B4 influencing factors
have a high confidence level and more association rules, and appear with the highest frequency,
which corresponds to the information of component damage, equipment aging, and component
performance degradation in the word cloud diagram, and the influencing factors of the
association factors of B3 and B4 as the main influencing factors of compressor failures are: the
skill level of the operator (A1), the intensity of the operator's sense of responsibility (A2),
operator proficiency in performing maintenance procedures (A3), durability of component
materials (C3), and degree of rationality of maintenance schedules (D2). The five influencing
factors are closely related to compressor aging and component performance degradation, thus
creating a correlation with B3 and B4. This shows that preventing compressor aging and
maintenance as much as possible can greatly reduce the probability of compressor failure and
improve compressor reliability.

Table 3. Association rule output

Influential factors relevant factors confidence lift
A2 0.63 2.37

A3 0.72 3.16

Al B3 0.51 2.13
E3 0.53 1.99

Al 0.50 2.37

A2 B3 0.53 1.89
B4 0.51 2.13

Al 0.67 3.17

B3 0.51 1.67

A3 B4 0.52 1.62
E3 0.52 1.21

B2 B1 0.67 3.75
2 C3 0.94 3.73
C4 0.71 3.52

C2 0.71 3.73

C3 B4 0.63 2.13
C4 0.93 3.79

B3 0.56 2.12

D2 C3 0.61 2.63
C4 0.67 1.21

E1l E3 0.81 4.40
F1 D4 0.53 1.12

5. Conclusion

This paper adopts Apriori algorithm for data mining, extracts the relevant factors for 942
compressor failure records, and obtains the following main conclusions by setting the
minimum support degree and confidence degree, and combining the enhancement degree:

(1) In the compressor failure, "human" and "material" have high support, which can reduce the
probability of compressor failure by reducing the influence of human factors and using better
compressor materials.

(2) for the uncontrollable compressor failure factors, can control with its strong correlation
rule factors for indirect control, so as to achieve the uncontrollable factors into indirectly
controllable.

(3) The use of strong correlation rules of correlation analysis, found that the compressor aging
and component performance degradation has a high degree of confidence and more correlation
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rules, which can be the focus of the research object, in order to improve the reliability of the
compressor.
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