Real-time anomaly detection in the steel industry using Python

Case Study
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Background




Predictive maintenance

Condition

Predictive maintenance uses condition monitoring equipment (e.g. sensors) in order to track
the performance of equipment, to detect abnormal behaviour, to predict future failures and to
support decision making about proactive actions.
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Real-time anomaly detection

Facts

Machine learning requires feature extraction 80% of all available data are uncertain
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Method of the case study

T - Implement Bayesian Online
Extract time-domain features » Changepoint Detection




Time-domain featur

Descripti
Feature Name ceeTpan
Brief Definition Formula
The EMS value increase gradually as fault developed. However, RMS is unable
EWS to provide the information of incipient fault stage while it increases with the fault RMS =,/ L5N 1 12
h VFo i
development [11].
Variance Variance measures the dispersion of a signal around their reference mean value. War I——ql—
. Skewness quantifies the asymmetry behavior of vibration signal through its
Ckewness ! br} g
e I.lrllli\lli"'I]Jl:l density fumsction (PDF). Sk
Kurtosis quantifies the peak value o JF. The kurtosis value for normal K M iy —m
e element bearing ks well-recognized as 3. i N=Tjs
Shape factor !"\-||.|:'.1|. factor {5 a 1...\||.|-=' that s affected by an object’s shape but is independent of SE
ik dimensions | 1 _|. )
Crast factor L'rl.jwl factor (CF) |..4||.l.||..:-‘:-:'- hoaw mich |r|.|':l.|.!.l Fitam iy l\_:l.ll:l:'.f;.ll e polling element CF
and raceway contact. CF ls appropriate for “spiky signals” [12]. \ x
Entropy, e p), is a calculation of the uncertainty and randomness of a sampled "
1w

Entropy

vibration data. Given a set of probabilities, (p1, pz,. .., pr), the entropy can be

he formulas as shown in the dgh
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calculated uaing i

Histogram uppear

40

200

Crost factior

-200

-400

1
8
o
‘; o
o)
0 20 40 60 80 100 120 140 D 20 40 ©0 80 100 120 140
2000
B
A
&
m
3
INIE
i -2000
0 20 40 60 80 100 120 140 D 20 40 ©0 80 100 120 140
x 10" .
=]
; I_.WW}LM
w
=
0 20 40 60 80 100 120 140 D 20 40 ©0 80 100 120 140
400
E 2m
g
0 20 40 60 80 100 120 140 0 =0 40 B0 B0 100 120 140
t, days f, days



Time-domain features (2/2)

A rolling feature extraction algorithm on the sensor data set creates another
time-series data set including the feature values (instead of the raw data).

Rolling window:

S S T T B ML R, Longer rolling window sizes tend to
Lz / yield smoother estimates.
—t—t Rolling
—— Shorter rolling window sizes are
—— more computationally efficient.

Kurtosis in Python:

The example below will show a rolling calculation with a window size of four matching the equivalent function
call using scipy stats.

»»» arr = [1, 2, 3, 4, 999]

»»» fmt = " " # Limit the printed precision to 6 digits
»»» import scipy.stats

»»> print(fmt.format(scipy.stats.kurtosis(arr[:-1], bias=False)})
-1. 2080880

»»» print(fmt.format(scipy.stats.kurtosis(arr[1:], bias=False)}))
3.999946

»>» 5 = pd.Series{arr)
»>» s.rolling(4).kurt()

e Mah
1 HaM
2 Mah
3 -1. 206888
4 3.999946
dtype: floatsd



Bayesian Online Changepoint Detection (1/2)

1. Imitialize

) . def stepd(d):
P(ra) = S(r) or P(ro=0) =1

j/ljll'] = Vprior n = len(d) 25 : : =
(0) dbar = np.mean(d) l
X1 = Yprior \ 1 é
2. Observe New Datum z; dsbar = np.mean(np.multiply(d,d)) 2t 'ﬂ“‘ “ ] “' “r
3. Evaluate Predictive Prol)abilit} ' h ‘
Tf“ = P(z, | v\" ) ) fac = dsbar-np.square(dbar) g 15k
4. Calculate Growth Probabilities §
. : ey L summ = 0 g
P(ri=riH, @) = Plreg, @) my  (1-H (re) summup = [] L ‘VL‘]L‘ u 1 H}’.
5. Calculate Changepoint Probabilities

- ™ - 3
for z in range(n): 5 50 = = i
summ += d[z] position, i
summup . append ( summ)

P(r=0,214) = ZPU’:—J-il'-l::—l}frir:lH[?'t—l)

ry

6. Calculate Evidence
’-’Jt}—ZPi’:Ilf y =[]

. Determine Run Length Distribution for m in range(n-1):
P[r!|'11:f —P[r!~'11:f)_-'P{'I']:!_] pos=m+l
8. Update Sufficient Statistics mscale = 4*(pos)*(n-pos)
Q = summup([m]-(summ-summup(m])

(0) _
Vf 1 — Vprior

() U = -np.square(dbar*(n-2*pos) + Q)/float(mscale) + fac

X1 = Xprior y.append(~-(n/float(2)-1)*math.log(n*U/2) - 0.5*math.log((pos*(n-pos))))
|_.“+l| Ir]
Viy ' = +1

z,2z = np.max(y),np.argmax(y)

(r)

iV = xt” + u(z)

9. Perform Prediction . meanl = sum(d[:2zz+1])/float(len(d[:22+1]))
Plzy|T14) = Z Pz |z, 7)) P(r| 1) mean2=sum(d[ (zz+1):n])/float(n-1-2z2)
10. Return to Step 2 return y, zz, meanl, mean2|

http://gregoryqundersen.com/blog/2019/08/13/bocd/ https://arxiv.org/abs/0710.3742 7
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Bayesian Online Changepoint Detection (2/2)

CP = Changepoint location(s), Noise= SD. of noise component. Log posterior probability plots

from the single changepoint algorithm are shown below each simulated data plot.

Noise=0.5, CP =100 Noise=0.1, CP =100 Noise=0.3, No CPs
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Case study in the steel industry




Test cases

Datasets with sensor measurements during the whole
lifetime of the equipment, i.e. from installation until a
failure mode or time-based replacement.

Bayesian Online Changepoint Detection on raw
sensor data

Bayesian Online Changepoint Detection on the
Kurtosis feature
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Steel iIndustry

M. ). MAILLIS

Roll Mill Stand Deforming and Reducing the Grain Size
Back up rolls
Work rolls
LS L

Infrastructure Setup for Sensor Data Collection

RS =)

Frontview of rollers

10x Accelerometers
1x tachometer (rpmi
1x Current sensor (A)

|
U

M. MAILLIS LAN
(intemet, PLC)

Rear view of rollers
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Sensor infrastructure

Frontview of rollers Rear view of rollers

Measurement point Sensor direction Sensor Type

1 Upper backup roll - DE side Vertical Accelerometer

2 Upper backup roll - DE side Axial Accelerometer

Upper backup roll —= NDE side Vertical Accelerometer

4 Upper working roll - DE side Rewverse horizontal Accelerometer
5 Upper working roll = NDE side Horizontal Accelerometer
6 Down working roll — DE side Rewverse horizontal Accelerometer
7 Down working roll = NDE side Horizontal Accelerometer
8 Down backup roll - DE side Vertical Accelerometer
9 Down backup roll - DE side Axial Accelerometer
10 Down backup roll = NDE side Vertical Accelerometer

12



Sensor data

Sensor data
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Implementation




Test case 1: Bayesian Online Changepoint

Detection on raw sensor data

1 import csv
2 import numpy as np
5 import pandas as pd

4 from matplotlib import pyplot as plt Sensor data
5 import math
6] 7
7 def changepoint(d):
n = len(d)
= dbar = np.mean(d) &
18 dsbar = np.mean(np.multiply(d,d))
11 fac = dsbar-np.square(dbar) 5
12 summ = @
13 summup = [] Fl
15 for z in range(nj):
16 summ+=d[z] 3
17 summup. append { summ)
18 2
19 y =11
21 for m in range(n-1): 1 1
22 pos=m+l i"ﬂ—,—ﬂnﬂr "1‘
23 mscale = 4*(pos)*(n-pos) 0 ‘q[ er'ﬂn'!ﬂu- “"b :
24 Q = summup[m]-(summ-summup[m]) T T T T T
25 U = -np.square(dbar*(n-2*pos) + Q)/float(mscale) + fac 100 200 300 400 500

26 y.append(-(n/float(2)-1)*math.log(n*U/2) - @.5*math.log((pos*(n-pos))))

28 z, zz = np.max(y), np.argmax(y)
1])/Float(len(d[ :zz+1])) Log likelihood of changepoint in raw sensor data
in])/fleat(n-1-zz)

meanl = sum(d[:zz+
31 mean2=sum(d[ (zz+1)

2 |

I. return y, zz, meanl, mean2 872 4 |II'|‘."v1..'I"II'|I \
- |

35 874 A \ \

36 measurements = [] |¥¥ |II

?TE; ] —876 - || \ M

39 with open('28_86_ B8_17.15_sk ckup_roll NDE_side_wertical.csv', 'r') as f / \ FI

48 reader = csv.reader(f) —878 A |I| | I|

41 for row in reader: I'v‘J |

42 measurements.append(float(row[1])) _880 - | |

43 time.append(i) d P_/IF\N

44 i=i+1
45 —882 1 /

47 measurements_series = pd.Series(measurements,index=time}) _884 }J
48 measurements_series.plot(title="Sensor data') hJ

- . \ 100 200 300 400 500
51 step_like = changepoint(measurements)

52 step_series = pd.Series(step_like[@8],index=time[1:])
53 plt.figure(): 15
54 step_series.plot(title='Log likelihood of changepoint in raw sensor data')



Explanation of the Python code (1/2)

import csw

import numpy as np

impert pandas as pd

from matplotlib import pyplot as plt
Ij.n'r:u:*'t math

Import the required Python libraries

def changepoint(d):
n = len(d)
dbar = np.mean(d)
dshar = np.mean(np.multiply(d,d))
fac = dsbar-np.square(dbar)
summ = @
summup = []

for z in range(n}:

sum=d[ 2] Define the function of Bayesian Online

summup . append ( summ)

v Changepoint Detection.

for m in range(n-1}:
pos=m+l

le = 4% * - . . .
0 < oemup (s corm-oummiple]) It takes as input a list with numbers (d).
U = -np.square(dbar®*(n-2*pos) + Q)/fleoat(mscale) + fac
y.append(-(n/fleat(2)-1)*math.leg(n*u/2) - @.5*math.log((pos*(n-pos))))

z, zz = np.max(y}, np.argmax(y)

meanl = sum(d[:zz+1])/float(len(d[:zz+1]))
mean2=sum{d[{zz+1l):n])/float{n-1-zz

return y, zz, meanl, mean2

16



Explanation of the Python code (2/2)

measurements = []

time = []

i=3

with open('28_86_2819_69.88_17.15_ skasimo_Upper_backup_roll NDE_side wertical.csv', 'r’
reader = csv.reader(f)

for row in reader:

measurements.append (float(row[1]))
time.append(i)
i=1i+1

measurements_series = pd.Series{measurements,index=time)
measurements series.plot(title="Sensor data')

step_like = changepoint(measurements)
step_series = pd.Series(step_like[®],index=time[1:])
plt.figure();

step_series.plot(title="Log likelihood of

~Cg O =] S

changep
C ge

Read the sensor data from the csv file

Plot the raw sensor data.

Apply  the  Bayesian  Online
Changepoint  Detection  function
(changepoint) and plot the results.

The input is the raw sensor
measurements (measurements).

17



Test case 2: Ba

Detection on the

yesian Online Changepoint
Kurtosis feature

matplotlib import pyplot as plt
t math

f changepeintid):

n = len{d}

dbar = np.mean{d)

debar = np.mean{np.multiply{d,d))
+ac = dabar-np.square{dbar)

Summ = @

summup = []

U= -np. 2 + Q) /floatimscale) + fac
¥ . append 2)-1)*math. log{n*Us2) - &.5*math.log{{pos*(n-pos)i))
2, 2z = np.max(y), np.argmas(y)
meanl = 1104+ (1
meanls yen]ds

¥, 22, meanl, meand

es(measurements)
kur = s.rolling{window).kurt()

index=time[1:])

, ancmaly_time)

Sensor data

o 14i“L4ﬂﬂﬂh7fl____4—rJh4U1)“__
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Explanation of the Python code (1/3)

import csw

import numpy as np

import pandas as pd

from matplotlib import pyplot as plt
I_1'.|1'|:u:’t math

Import the required Python libraries

def changepoint(d):
n = len(d)
dbar = np.mean(d)
dsbar = np.mean(np.multiply(d,d))
fac = dsbar-np.square(dbar)
summ = @
summup = []

for z in range(n}:

summi=a[ 2] Define the function of Bayesian Online
summup . append ( summ) i .
Changepoint Detection.

y =11
for m in range(n-1):
pos=mtl
o e sammap [ o borap ]} It takes as input a list with numbers (d).

U = -np.square(dbar*(n-2*pos) + Q)/float(mscale) + fac
y.append(-(n/float(2)-1)*math.log(n*U/2) - @.5*math.log(({pos*(n-pos))))

z, zz = np.max(y}, np.argmax(y)

meanl = sum(d[:zz+1])/float(len(d[:

zz+1]))
mean2=sum{d[(zz+1):n])/float(n-1-zz}

return y, zz, meanl, mean2

19



Explanation of the Python code (2/3)

Read the sensor data from the csv file

Plot the raw sensor data.

R Define the window size of the rolling

kurtosis (window).
Derive kurtosis dataset.

Remove the null values.

20



o

Explanation of the Python code (3/3)

a, time, b, C =
anomaly Time =

print] "aler

Cime

Changepointik)

; anomaly time)

Plot the kurtosis data.

Apply  the  Bayesian  Online
Changepoint  Detection  function
(changepoint) and plot the results.

The input is the kurtosis data (k).

Estimate the time of changepoint.

21



Experiments




Experiments for the exercise

Execute test cases 1 & 2 for different datasets (i.e. corresponding to
different failure modes)

measurements = []

time = []
i=3
with open('28 85 2810 80 8o 17 15 ckacdimo Unper bockup roll NDE cide vertica] cou' 'r') as f:

reader = csv.reader(f)

for row in reader:
measurements.append(float(row[1]))
time.append(i)
i=1i+1

For each dataset, execute test case 2 for different kurtosis windows

g = pd.Seriegimeasurements )
kur = S.rollimg{window) . kerti)
k=11
for x in range] lend ko) )

b

if x> window - 2
k.append {kur|x] )
if x ¢ window - 1 :
kurfx] = @
k. append {kar[x] )

Compare and discuss the results
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