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There have been a lot of studies in the past for the method of predicting the failure of a machine, and recently, a lot of

researches and applications have been generated to diagnose the physical condition of the machine and the parts and to calculate
the remaining life through various methods. Survival models are also used to predict plant failures based on past anomaly cycles.
In particular, special machine that reflect the fluid flow and process characteristics of chemical plants are connected to hundreds

or thousands of sensors, so there are not many factors that need to be considered, such as process and material data as well

as application of derivative variables. In this paper, the data were preprocessed through time series anomaly detection based

on unsupervised learning to predict the abnormalities of these special machine. Next, clustering results reflecting clustering-based

data characteristics were applied to produce additional variables, and a learning data set was created based on the history of

past facility abnormalities. Finally, the prediction methodology based on the supervised learning algorithm was applied, and the
model update was confirmed to improve the accuracy of the prediction of facility failure. Through this, it is expected to improve
the efficiency of facility operation by flexibly replacing the maintenance time and parts supply and demand by predicting abnormali-

ties of machine and extracting key factors.
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<Table 1> Machine Failure Prediction Procedure

Order

Procedures

1

Environment Analysis(Interview with Machine and Process Personnel)

EDA(Exploratory Data Analysis) on Raw Data

Preprocess(STL and GESD Anomaly Detection)

Clustering(K-Means)

Data Set(Data set+Clustering Result) Integration

Composing Training Set(Normal 70% vs Abnormal 30%)

Model Training

Forecasting Risk Scores & Feature Importance Evaluation

O || Q||| |wlN

Model Evaluation(Test Set)
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<Table 2> Raw Data Example of Several Features

crere e | Sarmo [ Per | e | ot
254.6 61.5 63.4 54.4 339.3 0
254.6 61.6 63.4 54.4 340.0 0
254.7 61.9 63.4 54.5 332.8 0
254.8 62.0 63.5 54.5 334.7 0
254.0 62.4 63.5 54.6 336.3 0
254.2 62.5 63.6 54.6 3347 0
254.8 62.6 63.6 54.6 330.0 0
255.8 62.8 63.6 54.7 3294 0
255.8 62.9 63.6 54.7 328.0 0
255.6 63.0 63.6 54.8 3283 0
255.7 63.7 63.8 55.1 325.2 0

<Table 3> Basic Statistics of Several Features

Div. Ethylene | Cylinder | Bearing | Plunger Flux
Pressure | Temp. Temp. Temp.

Min. 122.6 -2.888 18.11 0 0
Ist Qu. 221 61.113 59.7 55.73 267.5
Median 229 63.811 61.63 57.94 286.3

Mean 232.2 62.958 61.76 57.17 284.1
3rd Qu 247.9 66.445 64.07 59.35 303

Max. 266.2 105.561 72.47 91.09 595.5
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<Figure 1> Data Preprocessing by STL and GESD
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<Table 4> Data Set Composition Example by Machine Failure

History
No. Div. Event Time Machine
1 2012-07-** A
2 . 2013-06-** A
Training
3 2014-02-** A
4 2014-06-** A
5 2015-02-** B
6 2015-04-** C
Test
7 2015-06-** A
8 2015-11-** A
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<Figure 2> Machine Risk Prediction Model Test Results
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<Figure 3> Example of Classification of Normal and Abnormal
Intervals in the Machine Risk Prediction Model
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Vi1 V2 V3 . V80 Cluster

478.62 9.2 10.96 50.39 2

478.34 9.15 10.95 50.83 2

478.44 9.19 10.96 51.14 2

479.28 9.19 10.95 51.38 4

479.22 9.19 10.95 51.72 4

478.96 9.18 10.95 51.67 5
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<Figure 10> Learning Result for Case_2
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Div. Include Cluster Exclude Cluster
Rank Feature Gain Feature Gain
1 Vo3 0.320 V03 0.329
2 V10 0.188 V10 0.195
3 V04 0.118 Vo4 0.109
4 V20 0.047 Vi4 0.056
5 Vo1 0.041 V20 0.045
6 V02 0.040 V09 0.044
7 V11 0.040 V02 0.044
8 V09 0.037 Vo1 0.044
9 V13 0.034 V11 0.040
10 Cluster4 0.034 V13 0.033
11 V19 0.033 V19 0.026
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<Figure 14> Comparison of 3-day Moving Average Predic-
tion Score According to Whether Cluster Attri-
bute is Included (lower) or Not (upper) for Case_2
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<Figure 15> ROC Curve of Two Models(Case_3-Upper,
Case_2-Lower)

<Table 7> Comparing AUC Results from Prediction Models

Rank Condition AUC
1 Abnormal 30Days, Cluster Feature Included 0.923
2 Abnormal 30Days, Cluster Feature Excluded 0.907
3 Abnormal 20Days, Cluster Feature Excluded 0.867
4 Abnormal 20Days, Cluster Feature Included 0.815
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