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Abstract This paper applies an expert independent unsupervised neural network learning-based
multivariate time series data analysis model, MSCRED(Multi-Scale Convolutional Recurrent
Encoder-Decoder), and to overcome the limitation, because the MCRED is based on Auto-encoder
model, that train data must not to be contaminated, by using learning data sampling technique, called
Subset Sampling Validation. By using the vibration data of power plant equipment that has been
labeled, the classification performance of MSCRED is evaluated with the Anomaly Score in many cases,
1) the abnormal data is mixed with the training data 2) when the abnormal data is removed from the
training data in case 1. Through this, this paper presents an expert-independent anomaly diagnosis
framework that is strong against error data, and presents a concise and accurate solution in various
fields of multivariate time series data.
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Fig. 1. MSCRED Framework
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2.1.4 Convolutional Decoder
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Table 1. Dataset before preprocessing

Dataset Information

Total Data (149 date) x (4 sensor) files
Sensor Inboard VertiF:aI, Inboard Horizqntal, Outboard
Vertical, Outboard Horizontal
Anomaly Type Rotor Rub
Length 3.3s / 3.8s
date 2008.08~2020.10

Labeled/
Unlabeld data

23 date x 4 sensor /
126 date x 4 sensor
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Table 2. Selected Dataset

Total Dataset
Sample per data Total Normal Rotor Rub
4096 18 date x | 16 date x | 2 date x
4 sensor | 4 sensor | 4 sensor
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Table 3. Dataset split

Complex data use to train
Sample per data Total Normal Rotor Rub
Train 4096 8 date x | 7 date x 1 date x
4 sensor | 4 sensor | 4 sensor
Test 4096 10 date x | 9 date x 1 date x
4 sensor | 4 sensor | 4 sensor
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Table 4. Information of test data

Test data Information

date label
1 2017/11/14 Rotor Rub
2 2017/12/19 Normal
3 2018/04/03 Normal
4 2018/05/29 Normal
5 2018/07/23 Normal
6 2019/01/23 Normal
7 2019/05/13 Normal
8 2019/07/25 Normal
9 2019/08/16 Normal
10 2019/11/07 Normal
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Table 5. Information of train data

Test data Information
date label optimal subset
1 2017/01/13 Normal o]
2 2017/02/07 Normal o]
3 2017/04/05 Normal o]
4 2017/05/10 Normal 0
5 2017/08/22 Normal o]
6 2017/09/05 Normal o]
7 2017/09/27 Normal o]
8 2017/10/26 Rotor Rub X

4.1 Anomaly Score
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Table 6. Anomaly score analysis in test 4.1 & 4.2

Normal data Abnormal data
Threshold

Anomaly range Anomaly range
4.1 (0.0058, 0.0062) (0.0059,0.0063) 0.00599
4.2 (0.0036, 0.00385) | (0.0037, 0.00418) 0.00382

*4.1 result of none additional validation
*4.1 result of SubsetSampling Validation
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Fig. 4 Anomaly Score in test 4.1 and test 4.2
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Table 72 % A¥9 X9S f1 score, precision
score, recall score, accuracy scorefA 713t Holct,

Table 7. F1, Precision, Recall, Accuracy in test 4.1 & 4.2

F1 Precision Recall Accuracy
4.1 0.7360 0.7169 0.7562 0.9457
4.2 0.8443 0.7674 0.9383 0.9654

*4.1 result of none additional validation
*4.1 result of SubsetSampling Validation
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