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3Y HH|E TItst= HXIEX A|AR2 3o FQIStet AHS3HE fI5to H4XQl
BEoIch 33 SH2 B2 7A4 x| Y FX|E AOIE U= Hiztl O BEES R F4E[0
USH, o248t XIS O0| THLEHLE wear7t TI-E A2 50| XMtz 2X| # ofL|zt
AL Lo £ = 7t580| ALt

3 #dlolls ot MMEo| dxIZ|o{U =D o] MMES 3 FH|o| HEfE A XI5t
I AL EICE F2 MAEEE MME 3E U A SEE FH67| !IEt Reg2 2,
ofad ol et 2ol B, TH| XtAe| o|4 ZXIE T We 2= TS dA7t
FI7tE7| = &t 2Is M7 FItEls d*e FE 2™ FH|(Rotary Equipment)E
A8ste dRE, Ho{—20|Lt Fo| ZIS0| FH| AHA|e| o|4fof Al edzto| /U=
Z<0lct.

IR W AEO| B 01y HYE Hels

2.1.1. Anomaly Detection for Sequential Data

Anomaly Detection2 & JICHZ O|d ZX|E st= U=, Ol JEf HY SEE FFESt
P
| x4

Torr

30| 7t& FEl Task7}t ElCt. O|E ¢l&Hi CIO|E{E & Ct+E R X|5tE JES 3fotLio] M4
AEIE MolsteE WS LW Z 5HH, ClusteringS 2l SHIX 7|'HE 0|85t0 UMt EES
shotLiE EE F2 A8t o4 A X| 2 n2l&2 3 A Supervised, Semi-supervised,
Unsupervised O|ZH| M| 7t X2 LI H, 7& HESIE 0[&8 Anomaly Detection2

Unsupervised'& #101| & 8HCt.
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Alo

o| ol |2 AlAYE Cllo|E | 1= ClO|E & 7|8t 2 s5tof 0|4
Ast7| WEol, HlolE{e] §E4 AlA ol #XIE +&stH ECt AlAHLE
Uxl 2222 = SVM, DAGMM, ARMAS o] H|FHY! #Ho| l1, mEAS
g0l = RNN (Recurrent Neural Network) 7 |2F2| LSTM(Long-Short Term
Memory), LSTM-ED(Long-Short Term Memory Encoder-Decoder), conv-LSTM(Convolution
Long-Short Term Memory)2 20| RICt. H| wEHI WH2 F=2 ©E AlO|e] HEIE 7(|He =

Z X Clo|EExt HIZ ™ Io|HE B Fste YA o|&ECh wEHUE 0[&st= Y2

£ Anomaly DetectionO| A|AHPEE CHY S 2 dt= A otLCt. 5tX|BF 37 & H(2t
o MM 7
2 A 7|gt

o mm g

N oN m

Oo M= A o

o

ol
rr

Z=Z RNN2 7|gto 2 §t A|AY HIOo|E| 824421 LSTM(Hochreiter & Schmidhuber, 1997)2

0|&3tE| Ol 888 XEO| EH Eo|ct EtH4o| AR LSTMEZE S 0|835t04 0|4 Z K|
EME 85D, B2 HEE 01835104 0| ZX|E +=85tE d0l= LSTMENS
Ar&3HX| et LSTMO!| Encoder QP DecoderE & F0f F7}8t LSTM-ED(Malhotra et al.,

=

=

o
2016)Lt Convolution Layer2t Encoder-Decoder& F 78t conv-LSTM(Chuxu et al., 2019)&
MZ2 dHEo| XMooz note[E I-of Qloh.

Supervised Anomaly Detection l [ Semi-Supervised Anomaly Detection l Unsupervisad Anomaly Detection l
mmaiy Daabinm e oy i G —| One-Class 3vM |Deep SVDD) | Principal Component Analysis (PCA) |
g otk il il '_I L e En Based K-means Clusteri
...... v E e E e T v .
| ] "

Deep Autoencoding Gaussian Mixture

Heaural Network |

RN S o— _| Generative Adversarial Netwoarks |

i _| Self-Supervised |
. u-._wu\..-«-.-u*..-f.a. s, st _... ol '—‘”_"u""“ et |

Anpmaty fatairien n ang Deerer [ A ——

Frincipal Companent Analysis [PCA)

Neural Network K-means Clustering

AT E 3 |9 0ld ol F0|2t= S8 70|AE CHY SR 5t JoE, 2 2170l
s £ Qe EH Eoko| (A7 Eo0f #5hod ZHEFSHA| JHE SHQACE.

2.2.1. Wind Turbine Anomaly Detection
EtigdE 0|8 % 0l HXIE T H| Eof0] SEE B ZE= Wind Turbineof| 268 24717}
CHS £ 0I2ACH. Wind TurbineQ| Z!S Ci|O|E{2t 042{ CHE CIOIKE 7|Bte 2, |id & 7|&
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2.2.2. Process Equipment Anomaly Detection

= 2451 = “A Deep Neural Network for Unsupervised Anomaly Detection and Diagnosis in
Multivariate Time Series Data’2le 23| T3t RHE F2 2 15lod £t
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Figure 2: Framework of the proposed model: (a) Signature matrices encoding via fully convolutional neural networks. (b) Tem-
poral patterns modeling by attention based convolutional LSTM networks. (¢) Signature matrices decoding via deconvolutional
neural networks, (d) Loss function.



3. 2|3 2 2= Framework and Model

Conv-LSTM Architecture

CNN Encoder

Dataset Preparation

Reshaping Output

[ ]
[ J
[ J
| |

Check Dataset

¥

Defining Neural Net
Architecture

[ Start Tensorflow Session ]

(Normal Data)

CNN Decoder

Extract Non- Anomaly Data ]

Set Loss Function &
Optimizer

i Model Train
: Run Training Session
—f—)[ Read Training Dataset ]~ [ ]

Read Raw Data CSV File

[ Min Max Normalization

Generate Signature Matrices

|

i Model Test _
' Run Test Session

Split Dataset into Training, 1 H [
[ Test and Valid Set J ; L Read Test Dataset

. i
e i

Calculate Training Set MSE]

Reshape

I

[Write Reconstructed Matrix ]

!}

Calculate Anomaly Score

Annotated Anomaly ]
Information

3.1. Signature MatrixE & &8t & el EZ3}

Signature Matrix= O| Matrixz= 1AH# AlH[Q C|O|E{E 2| 222 Convolution2 AIEE =+
U= 2RHH HIO|E{Z HEA|ZICHE Ol 2|e|7t QICtD & £ QICh o] 2XH¢ ™2

At ol HAIE =D IO, JEiM ot Ho| =52 SUSH 4 FF2 =8
AMALGS| EFEOl2tD & + QUCh F 2 &t 2t W2 M stLtol CHEEICtD & = ULt

3.2. Attention
Oo{EIMo| 7|2 olo|C|o{E CIZHAMA &=
CtA| 8t H & 105t= Zdo|ct. CtEt MAE F

t= Of AlMOFCH QIE o ™A 1=
1t 70| otLlEt o] ZollM AR Tt

of

mo
g
[o)]]

-

3.3. Conv-LSTM

Conv-LSTME LSTMO|ZX 1} 0|% 0i Convolution Encoder®t Convolution DecoderE & 7}5}
Al 7ix|2 Qe wEY of7|EAo|Ct. S ol 7[Rl X = el LSTME 0|88 AlAHIY
EoFoll A T OHElI 70| ofL|2t Convolution® FZ 0|235IE AFE HI™ B0k SUA S

rir



ALZIO| AlZtol 2t B3ttt Z<0l CHE 67| -r|0|'0=| oS 0{Zl Zd0|Ct. 0[248F conv-LSTM
Ot 7|HIME 7IE 2| LSTMZ ChEAH| EHeHo] o4t QIS HotM HHEXMO 2 ME|SHH,
Encodingst= WEIE 7HI|I&2t M Forecasting HIEQ|F 0l &8, CIS HEHE oS5t
S oS Etct.

Encoding Network Prediction

ConvLST M, : ConuLST M,
=
ConvLSTM, e ConvLSTM;
Input I___,—-—/-v — / Forecasting Network
rf’,+..,...,f',+h- = argmax plXier,..., Y4k |r?,__;+,.rﬁ__;+2..,_.ei’,}
Mgt Map it
= LIEmIE P(&htyeses Xigte | Fencoting (Ao g1y e g 42rees X))
= g s :rhn_r;[(?f—.f—l- b A TR 7y )
ip = 0(Weize + Whiby—1 + Wei o ey + bi) i =0 (Wei # X + Wi Hey + Wei 0Cioy + by)
fi= {T(”"_,_.f‘].‘! -+ “'},J‘h!—l + H'(_-f o1+ f}f) fi= ("(“!.rf * Xy + H"hf * Hy1 + ”'r,_-f oCi_1 + hJ‘)
¢y = froei_y + i otanh(Woery + Wichi—1 + be) Ci = fioCi_1 + iy otanh(Wee # Ay + Wie # Hy1 + be)
0y = 0(Weomy + Wiohi—1 + Weo 0 + by) 0 = O(Woo# X + Wio#Hyy + Weo0Cr + b,)
hi = o o tanh(c;) He = o o tanh(Cy)

3.4. 1D to 2D Transition for Convolution
2D HHEH 2 IS 1xH AAHAUOIHEE 2AH S 2 HHE st o= o427 X7 /g =
O, olof 2k A AatZEo| HhEICH 2 AR MHE 27HK| S AL SHQACt st
=20

Signature Matrixg 0|& 331 CHE 3tLt= Correlation MatrixE 0|8 5+ RALCH.

Correlation Matrix by Time, Window Length =10 Correlation Matrix by Time, Window Length =30 Correlation Matrix by Time, Window Length = 60




3.5. Anomaly Detection &84 &

O] Z 30l xt-E35HE Anomaly Detection® 812 LSTM-ED(Malhotra et al., 2016)01| A1
1S

AS3He SHI SUst Wo2, y|EMoRE AHY s 2YS 018350 olE 23
(Prediction Error)& T5t= & Al RME4EICE LSTMO|T 0| EncoderE, O|F 0 DecodergE
221504 LSTME &4 AlZ|E| O|248H LSTM AHAlE AnomalyQt= BRE|X| of2 HA

CIOIEE & & A7 O|F EHAH0IMC| 2t S Hef HRl LHollM oS5t =S5 ot T MK &5

o= Ztot 1 oA glo{d B E Anomaly A& Z Xo|stC. 0] Anomalyl| HT

LPEH-_H Z30| Anomaly ScoreO|C}. encoder-decoder 2 2 1} reconstruction 22 E AFE St
MOl EE2 LSTM-ED 220l A+t S StHCt.

Z

0%
T
I
I

Reconstruction Error ¢® at /7 : ¢® =

() — x(z‘)'

Anomaly Score : a® = (e — )" T (e® — 1)

Anomaly Score0| A 2| u, = Zf2 Normal Distribution X(u,X) 4| mt2t0|E{£, Ol
CllOIE{Alo] UE E CHA 2 2 MLE(Maximum Liklihood Estimation)2 %350 &2

= Z 0|Ct. Supervised MIE0IHE o2 K|t Threshold?! t 0ff CH3H Anomaly Score?!
a7k ¢ >1 Q1 3R AnomalyZ EF 351 ¢V <1 @l B NormalZf2 2 EF/&tCh. =8t
BHof CllO|E{7t £ 2 A< Threshold 1 & QA| & &2 SIS & = A2, ol I &2
validation set2| Recall RZ} Precision POl CH3H F =

z|CHE St 5 Ste gt 2 Herth

RIB*P +R) 2t S

=
—~
—_
+
=

[
N

I-.U

C Code

1. 223 Environment

FE = Google Colabd M S ES HE{Z
ColabonA-I M3st= GPUE O|&36IAULCE AHE

FA
=]

1o

4
4.

A MEIAS 0 Runtime €Al Google
3t GPU= NVIDIA SMIO|C}.



[

| NH*IDI.". =M ﬂED.ET.Dd Driver Yersion: 418,67 CUDA Mersion: 1001 |
| —- - — } il +
| GPU Hame Persistence-M| Bus-Id Disp.& | Yolatile Uncarr. ECC |
| Fan Temp Perf Puwr:Usage/Capl| Memory-Usage | GPU-Util Compute M. |
| | | MIG M, |
| 0 Tesla T4 Off | 000DOODOO:00:04.0 Off | ol
| N4 37C PO ceW S Tow | 111MiB / 15079MiB | 0% Default |
I I | ERR! |
+— - - - + ——— +

4.2. 2to|E 42| & BT Library and Version

A&t B2 2to|2B{2I= Tensorflow 1.5.1HHT10|CE 07| M HRFH XI5 HatS
Hetstz| 218t0d Numpy 2! Scipy 2HOIEEEIE FIIMHoz #8351, 2z &
2I3t0{= Seaborn2| Heatmap 2 & I} Matplotlib2 O|&32IC}. Cell'™ Execution timeS
ZLIE|>E7| {8t 2 E Z & ipython-autotime 2H0|EE{2|E 0|& ALt

L
jo

A
o

Oy & MISRID for Regaaification Uit

B S N 4R BEE BT RBW §

"
BEn °
= ]
L]

-
B wmwy

result = tf .on.comid(
NI =il ,
Finversf|iver_layer
SArides=gtr Ides,
e | nge"SAME" |
LR Sl e £

et 1 : {shspe, roms)

[Ty
8 G

var lable = tf . Var lsble(t! zeros(shape), rame-rome)

N i— 12 6B Y var lable = tl.compai.wl.gei_warlablelnase, shape=shape. Inlilallzer=1l.conirib MU & SOTIaTI

4.3. 2 E 34 Line-by-Line Explanation

4.3.1. 2to|E2E{2] |EE&! Importing

Stensorflow version 1.x




import tensorflow as tf

import numpy as np

import pandas as pd

import scipy as sp

import matplotlib.pyplot as plt

from pylab import rcParams
rcParams|'figure.figsize'] = 7,7

import seaborn as sns
sns.set (color codes=True, font scale=1.2)

%load ext autotime

import os

import re

IEOJIY RN BECE, M8 BtolEE{E|SE XIHst= B&0ICt Version 12 X|HE
Tensorflow, Numpy, Pandas, Scipy, Matplotlib, Seaborn, Autotime 2t0|E24{2|E€ 0O|Z]
ImportatRACH os= THO|MOIM 7|2 Mo 2 ME 5t 7IEF 2EAMA QIE{H 0|A
cto|EEE|2 mol i1 MT|E X|SHH red Al mhO|Mof| M 7|2 Mo 2 X||sts LIE
DEE YR EHEA MEE X[HEL

tf.test.gpu device name ()
'nvidia-smi

print (tf. version )

& ZE7} Google Colaboli M AtSHM2 2 MS3H=E GPUREE 018 stE &, 0 GPUTL

—
YFEREX Z27| HE Y =01 HEE d7| e FES FdsiF ALt

4.3.2. 50| m2t0|E X[ Hyperparameter Initialization

gap time = 10 # gap time between each segment
win size = [10, 30, 60] # window size of each segment
step max = 5 # maximum step of ConvLSTM

212l Ml Hyperparameter= LSTM2| Window0| CHEF Gap time, window sizeZ} Convolution 0|
CHEF Maximum step2 X|™BHC}. gap time SFLEL] Window0il M CHE WindowZ =042 i
0|&3t= HEIOICH win sizeE RIZ 2 MOIZE, LSTMOIM 7|2 B2 0|&E Window2|
37|18 RI™getct 2 ¥ I M= 37EK]|2] Window sizeE X|EI =0l Ol= sl
AAEIO| M| Anomaly 27| 7|AHEH S| ofof A A%EH Zdo|ct.



if not os.path.exists("../content/data/")
os.makedirs ("../content/data/")
raw_data path = '../content/data/FSRU Trial Pump concat on normalied.csv'

valid data path =

./content/data/FSRU Trial Pump concat on normalized validation.csv'

model path = '../content/MSCRED/'

train data path = "../content/data/train/"

test_data path = "../content/data/test/"

reconstructed data path = "../content/data/reconstructed/"
siE ot Lol 22 B2 A ot dE X|EE C|o[EHE #{2| ™ O|2| s~~sto{0F BtCt.
It Y2 csvItUE O|2] BHE0{F A2, 0|l= O|F 0 Pandas 2t0|E2{2| LH2] csv reading
2+E 0l8stod el 2[ge st

train start id = 60 # maximum window size matters

train end id = 200

test start id = 201

test end id = 400

valid start id = 400
valid end id = 450

training iters = 20

save model step = 1

ClO|E{e] =XIE L nQleD 2 0|8 7|HS R train, test, validation set2| 3 7|& X|& &t

Ol._ start 1d9|' end 1d7('| |£|| =

N g gEFE 2RO

Training Epoch% 9—|D|%|'_T'_, saveimodelistep%

RQIHAE X|™Ms5te Yaloz +&SHALCE. training_iters%
Q

Ct.

learning rate = 0.002
threshold = 0.005
alpha = 1.5

0|20 = & &0i| A Optimizere| £ =& ZA™5t= 1carning rate, Anomaly ScoreX| %

BEo|M MAREE Q! thresho1d® a1phaS K| &S] F AL

10



4.3.3. Cl|O|E M *{Z| Preprocessing

M3 OolE{e] HElE oleiet &2 1XHY Timeseries DataZ, convolution2 2|5H 24+

o
GlOIEIZ HZsto] & Dol LR o

Pump Concat for Validation

class SignatureMatrices:
def  init (self):
self.raw data = pd.read csv(raw data path, header=None).T
self.series number = self.raw data.shapel[0]
self.series length = self.raw data.shape[l]

self.signature matrices number = int (self.series length / gap time)

print ("series number is", self.series number)
print ("series length is", self.series_ length)

print ("signature matrices number is", self.signature matrices number)

def signature matrices generation(self, win):
if win ==

print ("The size of win cannot be 0")

raw _data = np.asarray(self.raw data)
signature matrices = np.zeros((self.signature matrices number,

self.series number, self.series number))

for t in range(win, self.signature matrices number) :
raw data t = raw datal:, t - win:t]

signature matrices[t] = np.dot(raw _data t, raw _data t.T) / win

return signature matrices

HXq Signature Matrix2 BH= 7| ¢35, Min-Max NormalizationE A& 53 CH Min-Max
Normalization2 Cl|O|E{2| Normalization2 2I5H 71& XtF M= WO 2 Minimum ValueE
02 2, Maximum ValueE 12 5t04 MEB MO 2 AF|URIGH= 0|t

11



X — _Xx—min
norm max—min

jo
%

o| i Hl= Z ZAHEOIM, min max 2f2 ZF ZE|MH 2| minZt ™ maxZte &2 F A

[ |
Z&Hof ME3ICH Normalization2 £ Z = 4 0iAM 2 El Zd0| ofL|Z} LIOIEE E7| ™

4 Mol M 83t Zolct.

def generate train test(self, signature matrices):
train dataset = []

test dataset = []

for data id in range(self.signature matrices number) :
index = data id - step max + 1
if data id < train start id:
continue
index dataset = signature matrices[:, index:index + step max]
if data id < test start id:
train dataset.append(index dataset)
else:

test dataset.append(index dataset)

train dataset = np.asarray(train dataset)
train dataset = np.reshape(train dataset, [-1, step max,

self.series number, self.series number,

signature matrices.shape[0]])

test dataset = np.asarray(test dataset)

test dataset = np.reshape(test dataset, [-1, step max,self.series number,

self.series number,
signature matrices.shape[0]])

print ("train dataset shape is", train dataset.shape)

print ("test dataset shape is", test dataset.shape)

train path = "../content/data/train/"
if not os.path.exists(train path):
os.makedirs (train_path)

train path = train path + "train.npy"

test path = "../content/data/test/"

if not os.path.exists(test path):

12



os.makedirs (test path)

test path = test path + "test.npy

np.save (train path, train dataset)

np.save (test path, test dataset)

2|of|A BHE04Z& Signature MatrixZ Training Setl} Test Set2 £ LIF0{ & AAHFE
IHE Class Lo &2 BHE0{FUCEH Y TIUE2 npyBAISE HEE|0{ AL K7L
Ut HO{ZE E 4 QiOLt, IOl TE7} 7l WHE HAIS 2 MFEIIC BHef Pathyt
Qe B2 ST Path® MAE + TS st T=7t TEEICH
if name == ' main_ ':
Matrices = SignatureMatrices/()
signature matrices = []
# Generation signature matrices according the win size w
for w in win_ size:
signature matrices.append(Matrices.signature matrices generation (w))
signature matrices = np.asarray(signature matrices)
print ("the shape of signature matrices is", signature matrices.shape)
# Generate train and test dataset
Matrices.generate train test (signature matrices)
0| 220l 22| Hyper Parameter x| EE0{ M XI5 F AT Window 27(2] Arrayo|

£35t= elementQ| ZH4=0tE B304 Time Series T&i|0il CHEF Signature Matrix 24
F™SHEC a2|1 oM 2HgEt g8 S35l BHE0{%! Signature MatrixE 2 Train/Test
Seto 2 28 5t0 XMEHELCH =& Zot= oot 2ot
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Signature Matrix by Time,

10
[nﬁ

=06

10
[nn

=06

Window Length =10

10
I:ﬂﬁ
1 - 0.6

10
':ua

- 0.6

. -04 . -04 [ | . - 04 . -04
-02 -0.2 - 0.2 -0.2
-00 -00 =00 -00
- 10 - 1.0 10 10
|-08 l-DS [08 [ua
- 06 - 0.6 - 0.6 - 0.6
. -04a . -04 . -04 . -04
02 -0.2 02 -02
-00 -00 - 00 -0
- 10 - 10 10 10
|-og '-oa - 0.8 [au
-06 -06 - 0.6 - 06
[ | 04 [ | 04 [ ] 04 [ ] 04
-0z -02 -02 -02
-0o =00 =00 o0
- 10 - 10 10 - 10
|>UQ l-DQ I:US |~as
- 06 -06 - 06 - 06
. - 04 . 04 . - 0.4 . - 0.4
-0z -0.2 -02 -02
-00 -00 - 0.0 -0.0
axis_labels = ['VIBRATION 1', 'VIBRATION 2', 'CURRENT', 'SUCTION
POT.LV', 'DISCH.P', 'DISCH.T', 'DEGASSING.P', 'DEGASSING.T', 'KICK BACK
CTR', 'LEVEL CTR'] # labels for axis
mask = np.zeros like(correlation matrices[0,300,:,:])
mask[np.triu indices from(mask)] = True
with sns.axes style("white"):
f, ax = plt.subplots(figsize=(12, 12))
ax = sns.heatmap(correlation matrices[0,300,:,:],vmin=-1, vmax=1,

center=0, annot=True, fmt=".3f",
cmap=sns.diverging palette (20,220,n=200)

yticklabels=axis labels)

ax.set xticklabels(ax.get xticklabels(),
")

ax.set title('Correlation Matrix

mask=mask,

,square=True, xticklabels=axis labels,

rotation=45,horizontalalignment="'right

") ;

2|= Correlation Matrix® A|Zt3tst7| I8t

==
CHEd=ol &= é>

Correlation Matrix2| £ 44

= 0|C}. seaborn 2}0|E

Lower Triangle £ 28t
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Kickback Control2| Z3< 70| 00|0{A{ ElIMO| EI

1.00
Correlaiton Matrix
VIBRATION 1 0.75
VIBRATION 2 0.262
- 0.50
CURRENT 0.067 0.234
SUCTION POT.LV 0.174 0.536 0.422 -0.25
DISsCH.P -0.253 0.132 -0.274 -0.431
-0.00
DISCHT 0.214 -0.519 -0.313 -0.407 0.203
DEGASSING.P 0.163 0.428 0.009 [BE:FEN -0.237 -0.148 — _po2s
DEGASSING.T -0.138 f0i527 0.397 -0.413 EWl¥A¥E 0.029
g - —D.50
KICK BACK CTR
LEVEL CTR 075
AN
Qq?‘ —-1.00
Ry ’
flol3E & a2z & D2l ol A 8kls F2 R&2 oteiel #=0|ct.
ax = sns.heatmap(correlation matrices[0,300,:,:],vmin=-1, vmax=1,
center=0,annot=True, fmt=".3f", mask=mask,
cmap=sns.diverging palette(20,220,n=200),square=True, xticklabels=axis labels,
yticklabels=axis labels)
Ay el=¢l correlation matrices[0,300,:, 1= O] HeatmapJEHE_Ql CHAO| El&E 2D

Matrix 7} correlation_matricesp_l 3Tt 4HMH AEHS 2 O|Fo{Zl &Eol2tes RS

7(|§5|?_|'|:|-_ 'I|='I|='_'|MH9|' A'”'f'_'lm'l o|_|—¢—0|_| vmin=-1, vmax=1 3H%|' HeatmapLH—?'-Oﬂ %O-I7EI- Z/I:—o—l

(=]
HLI7F-10{ M 1AtO[2H= ZdE olok7|st L, LAImy QI

Ol center=0 2 Heat Level2| S 0|
00|2tE AE Led&Ct ChHAIHm Q1@ annot=True

£ A=l IS aziT &of
LIEFHHO{ELCHE A8 SEotH, 04 HM] 21+ Ql eme=r. 367 = &K o2 3Kt 2|7+ K]

_-.‘__‘-._A|%|_|'I:|-E 7/1'%, OEI‘EIFHMH o|_|-J|\-O|_| mask=mask E Ol 'bll"E‘ | Ol'IEI %’\I 'bll“E'o'”kl 78'9_|E|'
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Maskzf2 O|&3lA MaskingE BtCt= Xe

cmap=sns.diverging palette(20,220,n=200)

i El palette& A& EICHE 248 TetCt of& M el

Heatmap2 M4

yticklabels=axis labels = Z4Z x51 y

o|O|Ehct. o EfHmy Q10

T

—

2 Color Map2 2|0|5tH seaborntO|E 2420

=0l

il square:TrueE AHZFE 9|

0l xticklabels=axis_labels,
| 2ilo|2 & x|getct.

(]

axis labels

[
,'"DISCH.P',

'VIBRATION 1', 'VIBRATIO

POT.LV' 'DISCH.T',

CTR', 'LEVEL CTR'] # labels for axis

mask

np.zeros_like (signature matrices

mask[np.triu indices from(mask) ] True

with sns.axes style("white"):

£,

ax = plt.subplots(figsize=(12,

ax sns.heatmap (signature matrices[0

.3,
cmap=sns.diverging palette (20,220,n=200)

center=0,annot=True, fmt="

yticklabels=axis labels)

ax.set xticklabels (ax.get xticklabels ()
)

ax.set title('Signature Matrix'

'"DEGASSING.P',

12))
, 300,

mask=mask,

,rotation=45,horizontalalignment="right");

N 2', 'CURRENT', 'SUCTION

'DEGASSING.T', 'KICK BACK

(0,300,:,:1)

, ], vmin=-1, vmax=1,

, square=True,xticklabels=axis labels,

2| Signature MatrixE AlZt3t 5t7| |8t ZEO|Ct ?/2| Correlation Matrix AlZtgt Z =9t
S5, CHA B Signature Matrix2h @ AzHst EICH
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Signature Matrix

VIBRATION 1

VIBRATION 2 0.014

CURRENT 0.030 0.073

SUCTION POT.LY 0.056 0.138 0.310

DISCHP 0.073 0.179 |

pDiscHT 0.012 0.030 0.068 0.128 0.167

DEGASSING.P 0.039 0.097 0.218 0.090

DEGASSING.T 0.017 0.041 0.093 0.176 0.230 0.038 0.124

KICK BACK CTR 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

LEVEL CTR 0.245 0.104 0.000

& & &
® ol S
£

4.3.4. 222 Modelling

1.00

0.75

0.50

-0.25

-0.00

-—0.25

—=0.50

—0.75

—1.00

def cnn encoder layer(data, filter layer, strides):
result = tf.nn.conv2d(
input=data,
filter=filter layer,
strides=strides,
padding="SAME")

return tf.nn.selu(result)

def cnn encoder (data) :

filterl = tensor variable([3, 3, 3, 32], "filterl")
stridesl = (1, 1, 1, 1)
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cnnl out = cnn _encoder layer (data, filterl, stridesl)

filter2 = tensor variable([3, 3, 32, 64], "filter2")
strides2 = (1, 2, 2, 1)

cnn2_out = cnn_encoder layer (cnnl out, filter2, strides2)

filter3 = tensor variable([2, 2, 64, 128], "filter3")
strides3 = (1, 2, 2, 1)
cnn3 out = cnn encoder layer (cnnZ2 out, filter3, strides3)

return cnnl out, cnn2 out, cnn3 out

cnn_encoder layer (data, filter layer, strides)i= Encoder2 AM&E|= 2D Convolution
gllojo1E HelstE g =olct. 0| #4E= Convolution2 0|8 35t=EHE Filter@+ Stride,
Padding2 X|'d8{3040F BFCt. cnn encoder layer(data, filter layer,
strides) P20 A= Convolution &i[0[0{2] 7|2 ot 7|HMEHE X|HHFU2H, AA|
AL& E| = Filter, Stride, Padding®| 3 cnn encoder (data) OlA HIO|E{0d| & H| X|HSHFLCt.
0| &40{|A O] & El Activation Function®! selu & Scaled Exponential Linear Unit2 £, O|Z|
M KU E constant ZER! M= 1.0507) & a(=1.6733) Al CHEH x> 00| f(x) = A-x , x<0
0| f(x) = A-a- (e — 1) O|C}F. £ Convolution Layer2| Z#4=, Output Size0ll &= Filter2]
SHEQt StrideE X FUCt £ 270l M AR El Convolution Layere 3742, 2+2t
AFO|=7} 10%10*32, 5*5*64, 3*3*128 QI OutputE MM S T|o{QLC}.

def tensor variable (shape, name):
variable = tf.Variable(tf.zeros (shape), name=name)
variable = tf.compat.vl.get variable(name, shape=shape,
initializer=tf.contrib.layers.xavier initializer())

return variable

| &= dloloiES =7(8 st & =olCt.

def cnn lstm attention layer (input data, layer number) :
convlstm layer = tf.contrib.rnn.ConvLSTMCell (
conv_ndims=2,
input shape=[input data.shape[2], input data.shape[3],
input data.shape[4]],
output channels=input data.shape[-1],
kernel shape=[2, 2],
use bias=True,

skip connection=False,

18



forget bias=1.0,
initializers=None,

name="conv_ lstm cell" + str(layer number))

outputs, state = tf.nn.dynamic rnn(convlstm layer, input data,

dtype=input data.dtype)

# attention based on inner-product between feature representation of last

step and other steps
attention w = []
for k in range (step max) :

attention w.append(tf.reduce sum(tf.multiply(outputs([0] [k],

outputs[0][-1])) / step max)

tf.reshape (tf.nn.softmax (tf.stack(attention w)), [1, step max])

attention w =

outputs = tf.reshape (outputs[0], [step max, -1])
outputs = tf.matmul(attention_w, outputs)
outputs = tf.reshape (outputs, [1, input data.shape[2], input data.shape[3],

input data.shape([4]])

return outputs, attention w

cnn_ lstm attention layer (input data, layer number) |%:|F—¢—E LSTM E‘||0|0'|9—| o|'9|E%“7-<=I§
Holst= FEOICH 7|22l LSTM &i|0]047} ot=l Attention(attention w)E T 4T

clojofgtE [e & + QUCH

def cnn decoder layer(conv_lstm out c, filter, output shape, strides):

deconv = tf.nn.conde_transpose(
value=conv_lstm out c,
filter=filter,
strides=strides,
output shape=output shape,
padding="SAME")

deconv = tf.nn.selu(deconv)

return deconv

def cnn decoder (lstml out, lstm2 out, lstm3 out):

128], "d filter3")

d filter3 = tensor variable([2, 2, 64,
(1, 5, 5, 64], (1, 2, 2, 1))

dec3 = cnn_decoder layer (lstm3 out, d filter3,
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dec3 concat = tf.concat([dec3, 1lstm2 out], axis=3)

d filter2 = tensor variable([3, 3, 32, 128], "d filter2")
dec2 = cnn_decoder layer(dec3 concat, d filter2, [1, 10, 10, 321, (1, 2, 2,

1))

dec2 concat = tf.concat([dec2, lstml out], axis=3)

d filterl = tensor variable([3, 3, 3, 64], "d filterl")

decl = cnn decoder layer (dec2 concat, d filterl, [1, 10, 10, 3], (1, 1, 1,
1))

return decl

cnn_decoder layer (conv_lstm out c, filter, output shape, strides) E 0|7&10'|| xc;I—OJ%IZIEd
Couvolution Encoder®2 22 Qo2 E|g2l= HHE sdst= Bllojo{E Halste #8280l
O|0'|| E‘<F7'” A|'O|£§ ¢§5‘3H—7F—E HEE2 cnn_decoder (lstml out, lstm2 out, lstm3 out) El'__’l_

g & ok

4.3.5. 22 Hul 2@ 2 #& Compiling and Fitting

def main() :
# Read dataset from file
matrix data path = train data path + "train.npy"

matrix gt 1 = np.load(matrix data path)
sess = tf.Session()
# data AIO|Z T & 273

data input = tf.compat.vl.placeholder(tf.float32, [step max, 10, 10, 3])

# cnn encoder - 370MZ| dloliR £

convl out, conv2 out, conv3 out = cnn encoder(data input)

convl out

tf.reshape(convl out, [-1, 5, 10, 10, 32])

convZ_ out tf.reshape(conv2 out, [-1, 5, 5, 5, 64])

conv3 out = tf.reshape(conv3 out, [-1, 5, 3, 3, 128])

# lstm with attention

convl lstm attention out, atten weight 1

cnn_lstm attention layer (convl out, 1)

conv2 lstm attention out, atten weight 2

cnn_lstm attention layer (conv2 out, 2)

conv3 lstm attention out, atten weight 3

cnn_lstm attention layer(conv3 out, 3)
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# cnn decoder

deconv_out = cnn decoder (convl lstm attention out, conv2 lstm attention out,
conv3 lstm attention out)

# loss function: reconstruction error of last step matrix

loss = tf.reduce mean(tf.square(data input[-1] - deconv_ out))

optimizer =

tf.compat.vl.train.AdamOptimizer (learning rate=learning rate).minimize (loss)

# variable initialization
init = tf.global variables initializer()

sess.run (init)

training loss =[]
test loss =[]
# training
for idx in range(train start id, train end id):
matrix gt = matrix gt 1[idx - train start id]
feed dict = {data input: np.asarray(matrix gt)}
a, loss value = sess.run([optimizer, loss], feed dict)
training loss.append(loss value)

print ("mse of last train data: " + str(loss value))

# test

# Read the data from test file.

matrix data path = test_data_path + "test.npy"
matrix gt 1 = np.load(matrix data path)

result all = []

for idx in range(test start id, test end id):

matrix gt = matrix gt 1[idx - test start id]
feed dict = {data input: np.asarray(matrix gt)}
result, loss value = sess.run([deconv_out, loss], feed dict)

result all.append(result)
test loss.append(loss value)

print ("mse of last test data: " + str(loss value))

plt.subplots (figsize=(20,5))
plt.plot(training loss, label="Training Loss")
plt.plot(test loss, label="Test Loss")
plt.legend()

# Write the reconstructed matrix to the file
reconstructed path = reconstructed data path

if not os.path.exists(reconstructed path):
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os.makedirs (reconstructed path)

reconstructed path = reconstructed path + "test reconstructed.npy"

#reshape

result all = np.asarray(result all) .reshape( (-1, 10, 10, 3))

print (result all.shape)

np.save (reconstructed path, result all)
if name == ' main '

main ()
THY REIM 2 conv-LSTM ZHE AME TS A|7|= 2202 H|0|E| MA{E
EE20i| M 44E Training SetTl Test Set= 0|835t0{ &r&1t HE S TIMSEtCE. Of M Test
SetZ 0|32 2] Output?! tset_reconstruction & [ 2 Anomaly Score H|&H2 2| 5H
npy THUE MHESHECH

4.3.6. 0|4 M A& Anomaly Score Calculation

valid raw data = pd.read csv(valid data path, header=None).T

valid len=valid raw _data.shape[1]

# score initialization
1))
1))

valid anomaly score = np.zeros((valid len,

test anomaly score = np.zeros((valid len,

# load the data from file

test data path =

test data path =

reconstructed data path =

test data path

os.path.join(test data path,

reconstructed data path

"test.npy")

reconstructed data path = os.path.join(reconstructed data path,

"test reconstructed.npy")

test data = np.load(test data path)

test data = test datafl:, -1, ...] # only compare the last matrix with the

reconstructed data
reconstructed data = np.load(reconstructed data path)
print ("The shape of test data is {}".format (test data.shape))

print ("The shape of reconstructed data is {}".format (reconstructed data.shape))

O|AF MEHE AHASHZ| 21504 Test TIO|E] ! conv-LSTMZ2E & 7{X{ A LI 2 Reconstruction
E2{2ct. 2tZ 9| Shapeg H|1 504 Reconstruction CIO|E{7 & M H LR =X

nyg HEoh
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for i in range(valid len):

error = np.square (np.subtract(test data[i, ..., 0], reconstructed datafli, ...,
01))

num_anom = len(np.where(error >threshold))

valid anomaly scorel[i] = num_anom

max valid anom = np.max(valid anomaly score)

threshold = max valid anom * alpha

print ("Max valid anom is %.2f" % max valid anom)

print ("Threshold is %.2f" % threshold)

?|o| 77t M= validation® 22| O|O|E{E 0| &304 ThresholdZt2 AHlAHStCEH Of 2t
&= 5tod BFE 04 ZILCt.

max_ val idianomJ_'—|' alphaZ/l:%

# compute the anomaly score in the test data.
for 1 in range(test end id - test start id-valid len):

error = np.square (np.subtract (test data[i, ..., 0], reconstructed datali, ...,
01))

num_anom = len(np.where (error > threshold))

test anomaly score[i - valid len] = num anom

# plot anomaly score curve and identification result

anomaly pos = np.zeros(5)
root cause gt = np.zeros( (5, 3))
anomaly span = [10, 30, 90]

# Read the test anomaly.csv, each line behalf of an anomaly, the first is the
position, the next three number is the

# root cause.

root cause f = open("../content/data/test anomaly.csv", "r")

root cause gt = np.loadtxt(root cause f, delimiter=",", dtype=np.int32)
anomaly pos = root cause gt[:, 0]

anomaly pos = [(anomaly pos[i]/gap time-test start id-anomaly span[i %

3]1/gap_time) for i in range(5)]
for i in range(5):
root cause gt[i][0] = anomaly pos[i]
fig, axes = plt.subplots(figsize=(20,5))
test num = test end id - test start id
plt.xticks (fontsize = 25)
plt.ylim((0, 100))
plt.yticks (np.arange (0, 101, 20), fontsize = 25)
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plt.plot(test anomaly score, 'b', linewidth = 2)
threshold = np.full((test num), max valid anom * alpha)
axes.plot (threshold, color = 'black', linestyle = '--',linewidth = 2)
for k in range (len(anomaly pos)):

axes.axvspan (anomaly pos[k], anomaly pos([k] + anomaly span[k$3]/gap_ time,
color="'red', linewidth=2)
labels = ['" ', '0e3', '2e3', '4e3', '6e3', '8e3', '2000']
axes.set xticklabels(labels, rotation = 25, fontsize = 20)
plt.xlabel ('Test Time', fontsize = 25)
plt.ylabel ('Anomaly Score', fontsize = 25)
axes.spines['right'].set visible (False)
axes.spines['top'].set visible(False)
axes.yaxis.set ticks position('left')
axes.xaxls.set ticks position('bottom')
fig.subplots adjust (bottom=0.25)
fig.subplots adjust (left=0.25)
plt.show ()

2ol EE0ME 2AAHZHE Anomaly ScoreE Timeseries 2 £2451F 11, £24Fl Anomaly

ScoreZt 1t AF2f 0| Labeling®t Anomaly #7+2 H| A Eo{&ECt.

5. 21t Result

2 A7 M= Pump® Z10f £&El 042 MM E 0[&3+0{ Anomaly Detection2 & st=
Mg oAt Pumpol 22HE MME 10712, 424 ZisT 3, 25, R, +9, @
REd 52 FHSIRICE ol MMEo] ChEt o|4 oF 2 2 FI™-sHX| b1 sHE MME 2
U2 BEstod 0|4 o2 =&-SIUCE otz SHY ZEE 0|835to &S F&Et
Zztolct

(1) ClO|E{ 4! Scaling & H4 &E GO|E F& ™
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e 7Hx|1 QIE dlo|E{A M E RawA EHZ 22 HIO|E{Me 2 W2 Ao 8ts ANz,
Z=719| Training Loss7} 72| 00| 7}77t2 HIH AR =2 HQACH T 2ok o2t
Optimizere| EX{0 T 275t SHS 7t FLXQI Peak7t MstE RAE & = UUACH

(2) CIO|E{A! Z&|| Scaling & 4 4EJ CIOIE{ & &

LI ®M7|El EXMEE sHHZEsH7| flsto] #elE 2448 At LSTM 22 0| 7|23 =

Prediction Model2 AFE E|7| IR0 O] REE 0|&3517| A= Ol AEl CI|O|EE

M elst Hab el HIOIEF'F; gt 2 Ho{Fo{ok etoh= W L ALt olof, Clo[EH A
g2 245D Ol 5 M4 HIOlEfEtD 0HRIE RRErS £E s MStEAIZICH 1

_'_

o

74 oM A7 |2 2 |7'<-|E.='.| Ze+oil Training Loss 2t0] 00| &l E&0|Lt S7+&7¢
F 4Ol Peak7t d7|= £E0| AtEHRiCH J{ut X7t 25| sidxlRls i,
Z 89| Training Loss 2{0| ofZF E2t7h= £ £ 0| of %] EHotRICh= ot Test Loss 240l H™
EOtX|E 0| & E|lctE H WE0IALt.

_I_

o

(3) CIO|E{4! Column® Scaling & 4 & Ef HIO|E & &

I M AMZ|E E&H

M2 sl dst7| fI5tod ChA| B H 21212 2448t A1}, HIOIE{ A 2| Scaling
2 Training Data2| & b
x

2 si&
0| 2x7t & Rolgkzm MzhseAct. olof|, Tl O[B4 TA|ofl CH3H A
MM O™ A|ZEDE ZE| Clo|EA ZHYEE ZHZE Min Max
Scaling2 I&5t04 Convolution Al ZF MM HIO|E{e| 27| AHAMECtE €S Z0| T
Convolution0| W& & O|X|=5 tACH T 2HE =~ et 0| Test Loss 2t0| 22H7t= A
AAMols 3H GE2 FX| gLt o|™of HIsH &2

H

"
= 2 Zt2 | XI(<0.001)gHCH= &0l A
2H™M0|U D, ZEHE 0| A Training Losszt0| E2t7t= FZ+o| AF2HEACEH

Min Max Scaling2 &I
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6. & 4! X|?1 Conclusion and Discussion

p|

6.1.1. Training Result

M X S0l= & 2t dets hE O|F04X|X| ofotM 3RS EAMet A 2ol et
il

51

ClolE{ Mol Z7E BHRA[Z|X| ZRCtE W LHZIAC o|of Ho|EME =Hstn ZH O

ItEt0|EE HHE S 04X A& HSostBM EXME siidsttin =36t ict o] 2, 2

RtA| o] HEECHE CIOIEHME ofEA BFEL L7 28 O FE EXEte AE A =/f
A u]

Z2 0|} g Bt=E= Z0| AlZEt EXEls Z

hai

6.1.2. Correlation Matrix2+ Signature Matrix

Correlation Matrix2} Signature MatrixE H|w 5t 2Lt Correlation Matrix2| 3<% X2

8t & 0| O|F04X|X| Si = EH0| URALCEH %S0l = Signature Matrix 2C} Correlation
Matrix7} B 2ot K| A 27} ot= 20| URSLE AXZ E&of AHSSHEL]
Correlation Matrixe A Cl|O|E{Q| B4stoi| Oi < R1ZE35HAH| BFHS 3104, Normal setdt Anomaly
set2 TE&717F £l X| £ Z= Normal Dataset LHO{| M H|< 8+ 84512 2 0|& Signature

Matrix7t & O XMgfsicte ZES ARUCH

2. N2

o

£ 70 EXHez XMEUE FES Do WHE A ool #F0| 7t& FiCh

MY F 7R M2 228 + ¢ X2 dole 252 JHMaljofpt ZEo| Mt
= £ Ct Clo|E{e] £F XM= B2 3ol MM olole] =5 3 XMEo| 2 st x|
HZEE 2XOolLt B2 AlZt etoll siZAE = /U= A= otLct O™ olO0jo M sHE 2XE
HEE &= U= cHehMel wEHo| HRsitte JAE AR, ol siAst7| flsl 7I1&E
CllO|E{ & Regressionsto] 2 & 25101 CI|O|EHE & 45t= YE(Zhang. et al., 2019)0|Lt

GANZ 0|83t0{ L|O|E{e| HE{E 2 stE YHE 0|8st= Y ™(Smith and Smith, 2020)2

gEste YHS dESol ULk

IAEE HMSHEMCIE Ojote HESED AIQIE 5B

NormalizationZ} 2304 | minmax normalization 0| 3y S

Ol o txo|2tz 224%l z-index normalization2 0|2 35l= WS 0|25t0{ ZAntE
m}

HIZSHE = & Al2 o8 £ 1A} et CHE 2 2 2D Signature MatrixE BHE = IHH 04| A

0
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e 2 AHES Y6 2 20 043 MME TR IE 22 2= Anomaly Detection 2t
= ZEChe ZF MM S0 CH8t Anomaly Detectiong 48+ F| Multivariate Detection S
HZZ ANEE = Q= ZRYHIE /este WS 1oteiEE W0l E28 Re=E
MZEz[ACt

olof Hal|, 2 I == &1 B 2t 2445 7| AIEHSE 70|82 Tensorflow 1S 2
34X 0|4 X|HSHK| et7| 20| ME 2™ ZEZ UO|0|EStE

N &
Ch Do ¥ £ A HolHM E8E &2
=)

Toz, B UTE XISHOR SLIY £ 7 o T4l oT-AZA|S-HElolEol 4RSS
OIT 149, $US HYHTH BT D4, TAFSS 54 2184 1, 2IRsHF
QIPIEE, Z0| BB CHE oA BETE ZASRICH
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