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Proposal of Machine Learning Workflow for Anomaly Detection
- Clustering by Autoencoder Dimensionality Reduction -

KOICHI SUMIYA™  KIYOSHI HONDA

Abstract: In structuring a system that detects anomalies using machine learning or deep learning, inductive programming to
optimize the system from training data is required. Performance is dependent on the quantity and quality of training data, but the
preparation of comprehensive training data is not easy. This paper summarizes the programming structure for anomaly detection,
then proposes the condition monitoring workflow for time-series data that are typically not labeled and intricately mixed anormal
with normal or vice versa. The acceleration signals are directly fed into the Convolutional Autoencoder to generate the
dimensionality reduced features, and clustered by k-means. The prototype is implemented on a uniaxial accelerometer of rotating
machinery in the glass wool manufacturing process, and validated by the results of domain knowledge.
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Fig. 1 The outline of the proposed workflow for anomaly
detection using machine learning or deep learning of
time series data.
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Fig. 2 The block diagram of the proposed condition monitoring flow. It is composed of domain and Autoencoder based

clustering separately, and could be trained to maximize a normalized mutual information score of two outputs.
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el JE B RE i oD FF ¥ R & ] L 72 (Table 1).

Table 1 General Features in Vibration Engineering domain

considered by proposed method.

BEELSH) E %
Mean SEHE
Std IR E
Skewness EEEL AT OIERIFRE 2 R AR
Kurtosis REE, DA OPLS 2R3 e
Peak2Peak 155 D&KL B MED7E

RMS (root-mean square)

Sl

Crest Factor (Max/RMS)

Wm = — 7 i/ LK

Shape Factor (RMS/Mean)

WY =R = FE o B/ T804

Impulse Factor (Max/Mean(abs))

A NV AR

Margin Factor (Max/Mean(abs)"2)

~— VU R

Energy TRF— (55O M)

SKMean AR SV O

SKStd AR VRO RS
SKSkewness ARG N VREEDERE
SKKurtoris ARG N VR ED G E

FFT Max A7 VO TR R AE

FFT fl AT VO SR TR KA O JE I 3

ZORT, R B O AR & OB R bR
Loz, FHHAO FAA CREEL LTLO®RT 5. R
FHVL R RO FE I T 0@ v

1 n 1gn
Stdlx] = XLt —w?, p=2Xx

1
RMS[x] = |-¥i_; x}

s

Energy[x] = Z x?

=1

4.3 NMI 2 & % 51l

- (D)

- (2

®)

CAED Y FAZ Y v VT OFMBIEIE L LT, FAAL K
BOIIAZY) U IRERLED NMI ZHWS. NMI T MI
DAATH 0B 1OBICRDEIICESRELEZL DT,
1PN —HE2RT. 77 A —DIENB LT~ L0
JEFNZ L - T, 2aTixEb b, FHEIXRIMNEL 2 H

(16,625) (16,1250) ... (16,5000) (1,10000)

—
\ DeConv LeakyR.e'LU IjeConv LeakyReLU
Encoder 16kernel 5layer Decoder 16kernel Slayer
(1,1457) (1,79) ... (1,10)

Conv LeakyRelLU

Slayer Affine

\ 10 features map

Fig. 3 The architecture of proposed dimensionality reduction using first-stage Convolutional Autoencoder, followed by second-stage

CNN. The first-stage extracts the bottleneck features that restore the input signal, and the second-stage additionally reduces

the dimensionality of bottleneck features.
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Table 2 Experimental condition of acceleration measurement.

Sensor type ifm VSA001 Accelerometer
Sampling frequency 50 KHz
Measured time 2 sec

Num. of data points 100,000 points/measurement
Cycle 60 minutes
Observation period 0~9000 hours
Num. of samples 5 rotating machinary (S/N

(Num. of 1,2,3,6,7)
machinary)
7737 total (No.1=1366,
Sample size No.2=2311,
No.3=1833, No.6=1149,
No0.7=1078)
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Fig. 4 Result of calculation for Time and Frequency domain
features versus Rotation machinery running time period.
Line plot for vertical axis gives each feature.
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Fig. 6 Two levels clustering by k-means for domain feature,
indicated by color. Machinery S/N is indicated by
marker type. Scatter plot for Standard Deviation (Std)
versus Rotation machinery running time period.

Table 3 Variation of NMI by Epoch and Number of
measured data points. ‘- means not calculated yet.

Number of measured data points

Epoch 5000 10000 15000 20000
10 - 0.4620 0.5324 0.1592
20 - 0.4867 0.6461 0.2424
30 0.0245 0.5103 0.6135 0.1236
40 0.0219 0.6074 0.4913 0.2292
50 0.0086 0.6197 0.4779 0.1513
60 0.0069 0.7722 0.4913 0.0435
90 0.0105 0.4834 0.3986 0.0585
100 0.0078 0.0002 0.0002 0.0360
150 0.0161 0.0034 0.0002 0.0635
200 0.0146 0.0001 0.0002 -
300 - 0.0454 - -

400 0.0106 - - -
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5 Scatter plot for Standard Deviation (Std) versus
Rotation machinery running time period, machine serial
number is indicated by color. A domain feature Std that
is highly correlated with running time period is selected
to make a pseudo-label.
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7 Two levels clustering by k-means for CAE 10 features
using 10000 data points, 60 Epoch. Scatter plot for
Standard Deviation (Std) versus Rotation machinery
running time period.
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Fig. 9 Three levels clustering by k-means for CAE 10 features
using 10000 data points, 60 Epoch. Scatter plot for Standard
Deviation (Std) versus Rotation machinery running time
period. Added 2 dashed lines to the boundary of 1)2)3), and
added red frames A)B)C) to the time zone recorded in the
maintenance logbook, by hand.
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