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AP SENSING

advanced photonic

APSensing UK
e HP (1939) and Agilent Technologies (1999) heritage

e (German based optical sensing technologies distributor (for over 25 years):

o Distributed Temperature Sensors (DTS)

o Distributed Acoustic Sensors (DAS)

o Distributed Thermal Gradient Sensors (DTGS)
e Subsea and land cables with DAS and DTS power cable monitoring systems
e UK based Data Science Office in Basingstoke, focusing on Alarm systems

using Machine Learning techniques
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Project I: Telemetry Dashboards with ML predictions

e Analyse time series data produced by DAS systems to monitor hardware health

e Parameters recorded and sent to a database periodically:
o Disk and internal Temperatures

Fan Speeds

Disk Usages

Status/Error codes

Uptime/Reboot cycles

O O O O

e Build a predictive model to determine current operating health status and future failure




Telemetry Dashboard #1: Variables | |
Adds days if reboot cycle is

InternalTemp1 diskUsage1,2,3  ~onstant
diskTemp1,2,3
/ Fan1,2
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DAS Systems with Telemetry

Status 5 Inte(rg:{l’i')emp Disk Temp (degC) Total Disk Usage (TB) Fa(nRgzle)ed Machine Learning Verdict
Date / Time umfér Uptime %ig::? B?)?)){esd T%‘ggg:g s Version | Update Date
DAS | IU PU Y] PU | nvme | sda | sdb | sdc | sda /4db sdc Fan1 Fan2 Svm I ionForest | A d
Q| LIVE 16/12/1923:30 | DES000PPO2 | 1w 14h 36m 52 43 | 48 | 44 | 45 | 44 | 9187 K 9185 | 532 00 | 5900 Normal Normal Normal Normal s10” 167 231 1.1.4.3643 | 09/1212019
O | 16/12/1923:30 | DE52000212 | 4d 130 10m 50 51| 45 |44 |44 |44 | 86 | 86 | 17 | 6200 ew( Normal Normal Normal Normal 2 4 74 1143644 | 0911212019
Q| LIVE 16/12/1923:30 | DE52000235 | W30 14n 45 52 | 52 |46 |46 |46 | 107 | 107 | 04 | 6800 | 6800 Normal ANOMALY |  Normal Normal 27 2 30 11.4.3526 | 03/1212019
Q| LIVE 16/12/1923:30 | DE52000250 | 6w 50 9n 48m 33 44 | 40 [39 (39 |38 | s6 | 86 | 19 | 5100 | 5200 Normal Normal Normal Normal 19 4 17 1143213 | 1211172019
Q| LIVE 16/12/1923:30 | DE52000LP2 | "W A 160 37 39 | 46 | 44 | 44 | 42 | 3086 | 3085 | 547 | 5800 | 5900 Normal Normal Normal Normal 58 11 149 1.1.3.3004 | 1911172019
Do NOT | 16/12/19 2330 | DE5200DV01 | 7V 4120 0 43| 35 |36 (36 |36 | 61 | 61 | 01 | 4900 | 4900 Normal ANOMALY |  Normal Normal 13 200 200 1143423 | 2511172019
D o -Nt| 1512119 23:36 | DE52000LP1 | 2d 9h 12m - 42| 40 |36 | 37 |37 | 2775 | 2775 | 2775 | 5200 | 5100 | FEORMSE Nomal | ANOMALY | ANOMALY 6 2 188 11.3.3004 | 1171172019
D |1 oK 04112119 11:33 | DE52000219 34m 0 28| 24 |26 | 31 28 | 654 | 581 | 619 | 3s00 | 3eo0 | WMSTEMPRMSE | yors | avomary | anomary 75 0 32 110 | 2110622019
D |1 oK 28/11/19 11:30 | DE52000LP3 | 6d 17h 42m 45 41| 40 |37 |38 37| 00 | 00 | 00 | 4100 | 3900 Normal Nomal | ANOMALY Normal 64 12 177 1.1.4.3423 | 2771172019
D |1 oK 24/11/19 23:30 | DE52000253 | 1w 3d 6h 35m 37 32| 34 |28 28|29 | 00 | 00 | 00 | 3900 | 3800 Normal Nomal | ANOMALY | ANOMALY 2 10 10 1133004 | 21/11/2019
D |1 oK 15/09/19 23:31 | DES200PP04 | 6d 12h 35m 42 40 | 44 |42 | 42 | 40 | 1759 | 1759 | 97 | 5100 | 5000 Normal Nomal | ANOMALY Normal 104 6 82 11.1.2584 | 30/08/2019
1) | 0 |ive: JUNOT | 19/08/19 23:30 | DE52000PP1 | 5d 0h 23m 0 45| 40 |41 |41 |40 | 80 | 80 | 19 | 5400 | 5500 | FEORMSEE | ynoma | anomsaLy Normal 18 5 2% 1112245 | 240712019
D |1 -NO | 23/07/19 23:30 | DE52000201 | 5w5d6h41m | ERROR | 46 | 40 |41 [ 42 | 41 | s0o | 80 | 19 | 5300 | 5400 Normal Nomal | ANOMALY Normal 16 39 105 110 | 11/06/2019
D | -NO | 03/07/1923:31 | DE52000229 | 12h3im | ERROR |45 | 39 |41 |42 |41 | 07 | 07 | 01 | 4000 | 4100 Normal Nomal | ANOMALY Normal 29 0 0 110 | 0410622019
1) | 0 | IUNOT ready | 20/05/19 12:50 | DESxxooocx | 4w 5d 1h 59m 0 38 | 28 |34 (35|34 | 11 [ 11 | 01 | 4400 | 4400 Normal Nomal | ANOMALY Normal 0 75 87 1.0.10 0.0
D |1 -NO | 06/02/1923:30 | DE5200PPO1 |  7h43m ERROR |31 | 30 |38 |38 |36 | 605 | 605 | 40 | 4300 | 4300 ’:132%%'7"%547“; il [avoua it 38 0 6 1l0srca (| oen
\ ]

Machine learning predictions based on different models




elemetry Dashboard #1: Manual Thresholds

Temperatures = 50 degrees
Disk Usage = 700 TB
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Fan Speed = 6000 RPM

Days Booted < 1 (reboot
cycle has counted)

DAS Systems with Telemetry

Live

\

NOT live —

Status/Error

code from

‘TBD12’

(defined on

wiki)

Status 5 Ime(r(?:égs;mp Disk Temp (degC) Tlotal D\ik Usage (TB) Fa("Rf,';:)ed / Machine Learning Verdict
Date / Time Sertal Uptime Reboot Days Totaldays | yereifn/ | Update Date
Number  oar Cycles Booted booted
DAS | IU PU v PU | nvme | sda | sdb | sdc tda db sdc Fan1 | Fan2 Gressions SVMm orest
) v

Q| LVE | 16121192330 | DE5000PPO2 | 1w 14n 36m 52 |48 | 48 |44 | 45 | 44 | 9187 | 9185 | 532 | 5900 | 5900 Normal Norma Normal Normal 579 167 231 1143643 | 0911212019

® | 16/12119 23:30 | DE52000218 | 4d 13n 10m 50 | 51| 45 |44 |44 |44 | 86 | 86 | 17 | 6200 | 10 Normal Norma Normal Normal 2% 4 74/ / 143644 | 091212019
Q| LVE | 16112192330 | DE52000235 | 3 3d 140 a5 |52 | 52 |45 |46 |46 | 107 | 107 | 04 | 6800 | 6800 Normal ANOMALY|  Normal Normal 27 2 /s / 1143526 | 0311212019
Q| LVE | 161121192330 | DE52000250 | 6w5d9ndsm | 33 |44 | 40 |39 (39 (38| 86 | 86 | 19 | 5100 | 5200 Jormal Norma Normal Normal 19 4% 1 / 1143213 | 121172019
Q| UVE | 16/12/192330 | DEs2000p2 | W A0 16 37 |30 | 46 |44 | a4 | 42 | 3986 | 3985 | 547 | 5800 | 5900 Normal Norma Normal ormal 58 1 / /49 1133004 | 19/11/2019

Do, NOT | 16112119 23:30 | DES200Dv01 | T 4120 0 43| 35 |36 |36 [36 | 61 | 61 | o1 | 4900 | 4900 Normal ANOMALY | Normal Normal 13 /4) 200 [ 1143423 251172019

D o N | 151219 23:36 | DE52000LP1 | 24 9h 12m 42| 40 |3 |37 |37 |275 | 2775 | 2775 | 5200 | 5100 | FEMRMSEE ] o ANOMALY | ANOMALY 6 2 / 188 [ 1133004 | 111112019

‘ | -
; —

o |1 oK 0412119 11:33 %52000219 34m 0 \{s 24 |26 | 31 |28 | 654 | 581 | 619 | 3800 | 3p00 | WMETEMPRMSE| norma | anvomay | anomary 75 0 32 110 | 21062019 | )

D |1 oK 28/11119 11:30 IAEszooomz 6d 17h 42m 46 |4\ 40 |37 |38 |37 | 00 | 00 | oo | 4100 | 3900 ormal Nomal | ANOMALY Normal 64 12 177 | 1143423 | 27112019

D |1 oK 2411111923:30 |[DE52000253 | w3d6nh3sm | 37 |32 [\34 |28 |28 [ 28 [ 0o | oo | 0o | 300 | 3800 Normal Nomal | ANOMALY | ANOMALY 28 10 10 1133004 | 21/11/2019

| oK 15/09119 23:31 | DE5200PP04 | 6d 12h 35m 2 | 4}\ 42 | 42 | 40 | 1759 | 1759 | 97 | 5100 | 5000 lormal Nomal | ANOMALY ormal 104 6 82 1112584 | 3010812019 N Ot se nt

1) | 0 |ive: 1uNOT« | 19108119 23:39 | DE52000PP1 | 54 9 23m 0 45| 40 Na1 |41 (40| 80 | 80 | 19 | 5400 | 5500 | FAMRMSEE s | anomary Normal 18 5 2 1112245 | 2410712019

i 3552727 .

D |1 No | 2300719 23:7[) DE52000201 | 5w5d6h41m | ERROR | 46 | 40 | 4\| 42 [ 41 | 80 | 80 | 19 | 5300 | 5400 Normal Nomal | ANOMALY Normal 16 39 105 110 | 110612019 N 1 d ay

D |1 No | 03007119 23# DE52000220 | 12h31m | ERROR |45 | 39 |41 (\2 [ 41 | 07 | 07 | 01 | 4000 | 4100 Normal Nomal | ANOMALY Normal 29 0 0 110 | 04062019

) | 0 | 1UNOT ready | 20105119 1{50 DESooo0cx | 4w 5d 1h 59m 0 38 | 28 |34 |38\ 34| 11 | 11 | 01 | 4400 | 4400 Normal Nomal | ANOMALY Normal 0 75 87 1.0.10 00

o |1 NO | 06/02119 {:\'30 DE5200PPO1 |  7h43m ERROR |31 | 30 |38 |38 |6 | 605 | 605 | 40 | 4300 | 4300 | FEARMEESE | nom ANOMALY Normal 38 0 6 1osrcal BREey| |

; 19 |
i \
! \

Red text: Has an error

lU not present,

but files left over



Telemetry Dashboard #1: Machine Learning Columns

Machine Learning Verdict

ML PFOCGSS RegLri:::irons SVM IsolationForest | Autoencoder
Trim data to remove anomalies for training: |

 Certain TBD12 codes

« No command timeouts | o | avomary
» Systems that have been running for more than a day

» Temperatures less than 60

* Fan speeds less than 7000 ol

- Removed data 12 hours before shut downs o ekl
- Trains (and validate) models on this healthy data set e | Noma | wousy | mvouy
» diskUsage1, diskUsage3, diskTemp1, Fan1, internalTemp1, TBD2 romal | AvowAty | Tome

(PUTemp), uptime, BootTimer, Live (based on VIF analysis) s ol Nl i

« NOT trained per ID (this gave bad results, not enough data) S Wl B
» Append new data and train, if not anomalous =L Wj
. 80-90% validation
« Train on “Healthy” data 12 hours before to test new incoming data GRTI —

ANOMALY

1260793.473




Data Preprocessing

Scalers

e Re-scale data (eg: normalized, min-max scaling) N BN

e Some models train better on different methods of scaled data,
giving better results

Principal Component Analysis (PCA)

e Reduce dimensionality of training set by analysing relations
between variables

e Determining which variables skew the data the most

e Can make ML learning more efficient and run faster

e Use Linear regressions to find Variance Inflation Factor (VIF)

and remove components of VIF>5 R N S A B AR SR
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Data Preprocessing: Linear Regression Analysis

2D =

DE52000LP2
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Data Preprocessing: Linear Regression Analysis
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Data Preprocessing: Linear Regression Analysis
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Telemetry Dashboard #1: Machine Learning Columns

Machine Learning Verdict

Linear Regressions:

« Sklearn Linear Regression model

* No scaling or PCA
» Checks predictions for

* InternalTemp1

* Fan1

« PU Temp

« Flags if RMSE > 10% of actual value,

per three variables

Linear .
Regressions SVM IsolationForest | Autoencoder
L — A Normal
ZOihia SUNG
Normal mal Normal
ANOMALY
Normal
Norma mal
Normal ANOMALY Normal
FanRMSE: +/- ;
P 1759.33 ANOMALY ANOMALY
nvme Temp RMSE: | f 1OM .
., +-147556 D ANOMALY ANOMALY
Normal ANOMALY Normal
mal Norm ANOMALY ANOMALY
Normal Norm ANOMALY Normal
FanRMSE: +/-
Norm J SA/
3552 727 0 ANOMALY
Normal ANOMALY Normal
mal Norm ANOMALY rmal
Normal Norm ANOMALY Normal
FanRMSE: +/-
Naorm J SA/
1260793 473 - il

12



Support Vector Machine (SVM)

SKLearn ML model that takes labeled training data

Outputs an “optimal hyperplane”, categorizes new examples

1 Class SVM

Unsupervised outlier detection

Estimates the support of a high-dimensional distribution

Trains on “Healthy” class of data

Tests new input data to determine if it fits within criteria of trained data

Train on this new data if it is determined to be healthy, updates model

13



Telemetry Dashboard #1: Machine Learning Columns

Machine Learning Verdict

Linear i
Regressions SVM IsolationForest | Autoencoder
Normal Norma "\ Normal Normal
Normal Norma Noxqal Normal
Normal ANOMALY Normal Normal
N

\i \ 1 Class SVM:

\ Normal * min_max_scaler
Normal ANOMALY Normal \ Normal i PCA for 2 Components
FRRRMSE | omar | ANOMALY AN” * Nu parameter: 0.1

1759.33
1 !
) ) -
wmeTempRMSE: | | o[ o) gamma="auto
+/- 14755.6
Normal Norma ANOMALY Normal
Normal Norma ANOMALY ANOMALY .
* Anomaly if SVM returns -1
Normal Normal ANOMALY Normal
FanRMSE: +/- o ; —
3552 727 Norma ANOMALY Normal
Normal Norma ANOMALY Normal
Normal Norma ANOMALY Normal
Normal Normal ANOMALY Normal
BRI Norma ANOMALY Normal

1260793.473




|Isolation Forest
. N

SKLearn ML anomaly detection model Outliers are / \ / \
&

easier to isolate

e Isolates observations by randomly selecting a feature

o then randomly selecting a split value between max / \ / \
and min values of that feature inliers are harder ®

toisolate / \

e “Recursive partitioning” represented by a tree
structure:

> Number of splittings required to isolate a sample == path length from the root node to the terminating node
> Path length, averaged over a forest of random trees == measure of normality and decision function
e Random partitioning produces noticeably shorter paths for anomalies

> |If forest of random trees all produce shorter path lengths for samples, are likely to be anomalies

15



Machine Learning Verdict

RegLri::saircms SVM IsolationForest | Autoencoder
Normal orma Normal \ Normal
Normal Normal Normal Nomwal
Normal ANOMALY Normal Normal
Normal Norma Normal Normal
Normal Norma Normal Normal
Normal ANOMALY Normal Normal

i Norma ANOMALY T ANOMALY

vme TERPRECE | Nomal | ANOMALY | ANOMALY
Normal Normal ANOMALY Normal
Normal Norma ANOMALY ANOMALY
Normal Normal ANOMALY Normal

Faglsilshg.s_,l;:_;l- Norma ANOMALY Normal
Normal Normal ANOMALY Normal
Normal Norma ANOMALY Normal
Normal Normal ANOMALY Normal

F&%%%S?’E‘Jé Norma ANOMALY Normal

Telemetry Dashboard #1: Machine Learning Columns

|solationForest:
* min_max_scaler
« PCA for 2 components

~———— — Anomaly if returns -1

16



Autoencoders

e Artificial neural network

e Unsupervised ML model that learns from input data

e Given unlabeled training examples

e Applies backpropagation, sets target values to be equal to the
inputs

e Gain insight on structure of the data by applying constraints to

the network: limit number of hidden layers

17



Autoencoders

For small number of hidden units, network forced to learn a "compressed” representation of the input, must

e )

try to "reconstruct™ the input

For random input, compression task would be very difficult.

But if there is structure in data, eg: correlated input features, then this algorithm will be able to discover some

of those correlations.

Simple autoencoder learns a low-dimensional

representation similar to PCAs.

Origina Learned

“Overkill” for simple data, can lead to over-fitting

18



Telemetry Dashboard #1: Machine Learning Columns

Machine Learning Verdict

Autoencoder:

min_max_scaler.fit(train_X)
# Apply transform to both the training set and the test set.

Linear .
Regressions SVM IsolationForest AutoenM

* min_max_scaler

Normal Norma Normal Normal
‘ : ” ° N PCA train_X = min_max_scaler.transform(train_X)

O test_X = min_max_scaler.transform(test_X)
Normal Norma Normal Normal

° 9 t I I 1 # No of Neurons in each Layer [9,6,3,2,3,6,9]

Inl Ia a ers, er input_dim = train_X.shape[1]

Normal ANOMALY Normal Normal encoding_dim = 6
featu re input_layer = Input(shape=(input_dim, ))

Normal Norma Normal Normal encoder = Dense(encoding_dim, activation="tanh",activity regularizer=regularizers.11(10e-5))(input_layer)
Norm Norma Norm NO o i -

encoder = Dense(int(encoding_dim / 2), activation="tanh")(encoder)

encoder = Dense(int(2), activation="tanh")(encoder)
Normal Norma Normal Normal decoder = Dense(int(encoding_dim/ 2), activation='tanh')(encoder)
decoder = Dense(int(encoding_dim), activation='tanh')(decoder)

decoder = Dense(input_dim, activation='tanh')(decoder)

Normal ANOMALY Normal Normal autoencoder = Model(inputs=input_layer, outputs=decoder)
autoencoder.compile(optimizer="adam', loss='mse' )
FanRMSE: +/- history = autoencoder.fit(train_X, train_X,epochs=nb_epoch,batch_size=batch_size,shuffle=True,validation_split=0.1,verbose=0)
1759 3::! Norma ANOMALY A ALY df_results=output
2 df_results['AAMSE']=np.mean(np.power(test_X - autoencoder.predict(test_X), 2), axis=1)
nvme Temp RMSE: At | |
+I- 14755.6 Norma ANOMALY ANOMALY
Normal Normal ANOMALY Normal
Normal Norma ANOMALY ANOMALY A | f MSE O 1
« Anomaly i >0.
Normal Normal ANOMALY Normal
FanRMSE: +/- Nirma i Jorm
3552 727 Norma ANOMALY Normal
Normal Normal ANOMALY Normal
Normal Norma ANOMALY Normal
Normal Normal ANOMALY Normal
FanRMSE: +/- A ; a—
1260793.473 Norma ANOMALY Normal

19



Orange: Error point based

Telemetry Dashboard #2: Creen:healthypoint, ) 15015 readout Disk 1,2

predicted by autoencoder
usages

Fan speeds AP SENSING

advanced photonic

DAS System Anomaly Tracking Plots From Telemetry

Red: Anomaly point
based on Autoencoder —
model 3 = I T e e S Eﬂm:’
Temperatures : Disk 3 usa
p —_e " - ey . ///’ Sl / g

0 = 3 ; = A :\ o s = ’/ = :vmizm .
; == e ;

Plots per ID active in last 6 -
days e e

Last update: 2019-12-16 23:30:20.000

20
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P SENSING

Telemetry Dashboard #2:

DAS System Anomaly Tracking Plots From Telemetry

Red dashed line:

Hard Reboot —————
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22

Project Il: Machine Learning Library Upload and Dashboard

DAS systems alarm based on event types: Trains, Cars, Cable thefts
Different ML libraries built to classify events

Visualizations of events and model performance from updating database
o Automated and uploaded to dashboard

22



Machine Learning Library:
Upload Data Script

‘Upload_Data.py’, gives hdf5 file location
Takes features from Feature Calculation file, feature_sizes

Class from Folder names \(

Sitename based on “Metadata/Country” \\. )

Generates hash id, based on file name and row number,
allows for overwriting on second upload

Row is just index B
If file unspecified, will run on all ML library Tiles e tilenee)

23



Machine Learning Library: Dashboard

AP SENSING .
ML Library Data

advanced photonic
Rows Per Class Average RMSE per Class Average PeakloPesk per Class

S

THA

l!',
f
i

2 2 Con

i
i
i

* ‘plots.py’ runnlngo“r;Venus pulls EIaStiCsearch data makes ploté for

Dashboard, curl plots to Pluto
 ‘script.py’ running on Pluto (/usr/lib/cgi-bin/ml_dashboard/, ith plots read from

Ivar/lwww/html/ml_plots simlink to home/ml_plots)

24



Machine Learning Library: plots.py

'0B_cableTheft_blindTrial_©2.hdf5",

Filename list from data 201 ey e 1N R
292 match_phrase={"Class.keyword": str(name)}
+ "j‘_'"":"';".':':'j,';’"f’j’jj"::::"":jf"‘ ['IMO_9296195.hdf5", 23 match_phrase={"match_phrase" :match_phrase}
gl H f‘J"”:"d,f AT e 'ig_gisg‘.);_;:gdation.hd<F5‘, 24 bool:{"zhould":[mat;h_phrase]} Rows Per Class
17 » { |IM0_9242730.hdf5", 25 filter={"bool" :bool >_F| f I
18« "apgst: { |IH0_9206671. e, % filter=[filter] liter for class name
15 - *3%: { 1IN0 0010163 hdfS" 37 nbool={"must":[],"filter":filter} ship
& “teres™: { "IMO “hdfs' 38 bool={"bool" :nbool}
"flele”: "Fillensse keywoed S B, - " B PRGSO Tale s
3 “ordess ¢ W —— "INO_9217230.hdfS’, 39 nfilt={str(name):nbool} Prysmian Digging
, el 'IMO_976@512.hdf5’, 1e dictc[name]=nbool =1 Oresing
- 20 Saonstc R IMD_9215585.hdf5", 11 B R R A B B B B BB R R B R BB RS S
4 }, 8 . ing_Mechanical
_ Thazens 200 ‘D8 cablaThere 1 ndes"” p Background R
2 ] 'DB_cableTheft_2.hdf5", Digging_Manual
27 ! 'DB_cableTheft_4.hdfs', Car
‘ H '0B_cableTheft_5.hdfS’,
¥ 'DB_cableTheft_6.hdfS", res = es.search(index="nl_libray_data”, body= Ww_nachﬁne
. y ' IVO_9650482 hdfs' 2 #Put request in here#
Frame.(] *IMO_9319454.hdf5’, - | "aggs™: {
for 1 1= res| agpregaticons®]*3%)["buckets™): 'IMD_9164524.hdfS’, I —
Frome.oppend{1] “key" 17 'IMO_9491501.hdf5’', sesnnesnnisns - &
res "al_library_data™, body 'DB_Berlin_cableThefti@.hdfs", Alers aicke
\ 'DB_Berlin_cableTheft?.hdfs’, ¥ Track Distance

e ! ¥
1o g BB ¢ 'IMO_9568249.hdfS", } ;
teres™: ( 'DB_cableTheft_blindTrial_01.hdfs’,
field Class, beyword®, 'DB_Berlin_cableTheft9.hdfs", :;:H
{ 'IMO_9666431.hdf5’,
Count™: "gesc* 'DB_Berlin_cableTheft8.hdfs’", Class=cname
. b _ t(class)
', 'IMD_5382063.hdf5" ] el
s1ze”: DO §>=<21005=[]
s } 21 ~ for i in cname:
22 #x=res["aggregations"]["3" ][ "buckets”J[1]
g ) ['Train’, 23 yl=res["aggregation: 1["buckets"1[i]['doc_count'] #FBE1
& ' 'Ship' 24 #y2=res["aggregations"]["3"]["buckets”][i]["4"][ 'volue']  #FBE2 Train
wr? “Shi. éack TouRaE 25 Y1.append(float(yl or @))
| ‘Iragi Dis!t;ance' y 2 fvfllappend(ﬂaat(yz g
- / ) ‘Car' " , 53 goicrs‘append("c%str(j))
'- [ S~ _ ] 'Digging_Mechanical‘, 5; 2%2:?-;;;;;7&"11()(1 2.000001)

- 1* aze
for 1 in res|ager

crame. 3opend | 'Prysmian_Digging’,

'Prysmian_Train',
'CableTheft',
'Walking’,

‘Boring’,
Class name list from data o

'RTE_Version7_Cars’,

'Orilling’,

'Digging Manual',

'Aggriculture_Machine',

'Dropping’]

plt.figure(figsize=(3.5,6))
plt.pie(¥1l, colors=colors, autcpct='%1.1f#%", startangle=15,labels=Class)

#plt. legend(Llabels=Class, loc=(8.3,8.2})

plt.tight_layout()

plt.savefig('ClassPie.png’)

os.system('curl --insecure --user pi:APSdasi23 -T ClassPie.png sftp://10.0.12.10/~/ml_plots/ClassPie.png’)
plt.clf()
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88 | dictc={}

15 res < es.searthfihdex:“ﬁl_librafyﬁéta", body:I
16 #Put request in here#

17 ~
18 +| “aggs": {

19 ~ R

20 ~ “terms": {

21 "Filename.keyword"”,
23 "_count": "desc”

24 s

25 "size": 200

25 }

27 }

28 }

29 |}

30

3 Fname=[]

(S

» for i in res["aggregations"]["3"]["buckets"]:

Fname.append{i[ "key"])
res = es.search(index="ml_library_data”, body=

v
Y "aggs": {
v o ]
v “terms":
"field": "Class.keyword",
49 -~ "order": {
41 "_count": “"desc”
2
"size": 200
}
}
45 }

47 }

49 cname=[]
5@ » for i in res["aggregations"]["3"]["buckets"]:
51 cname.append{i[ "key"])

Class name list from data

[71M0_9296195 . hais",
"1M0_9131797_validation. hdfsS”,
TIMD_9242730.hafS",
TIM0_9206671.hef57,
TIM0_9229879.haf5",
TIM0_9018163 . hats”,
TIMD_9336268.hat5°,
*IM0_9217230.haf5°,
CIMO_9768512.ha5",
CIMD_9215505.hefs ",
‘DE_cableTheft_3.hdfs’
‘D6_cableTheft_1.hdfs"
‘DB_cableThe#t_2.hdfS*
‘DB_cableTheft_4.hdfs’
'08_cableThefz_5.hd#s’
'08_cableTheft_6.hdfs’
"IM0_Y65e482.haés”,

TIMO_D319454.hdfSs",
‘IM0_9164524.hdfSs",
*IM0_9491501.hdfS",
"08_Berlin_cableThefti@.hdfs",
"OB_Berlin_cableTheft?. hdfs”,
"DB_cableTheft_blindTrial 02.hdf5",
TIMO_9568249.heF57,
‘0B_cableTheft_blindTrial 81.hdfs",
'06_Serlin_cableThefrd hfs”,
"IM0_9666431 . haFS”,
‘DB_Berlin_cablaThefth, hafs',
“IM0_5392063.ha$5" ]

['Train’,
‘Ship’,
'Ship Sackground’,
‘Track_Distance’,
'Car’,
'Digging_Mechanical’,
'Prysmian_Digging’,
'Prysmian_Train’,
'CableTheft’,
'Walking”,
‘Boring’,
'Orsted’,
'RTE_Version7 _Cars’,
'Drilling’,
'Digging Manual®’,
'Aggriculture Machine’,
'Deopping’]

for name in cname:

filter={"bool" :bool}
filter=[filter]

nbocl={"bool" :nbool}

dictc[name]=nbool

nfilt={str(name):nbool}

nbool={"must":[],"filter":filter}

match_phrase={"Class.keyword": str(name)}
match_phrase={"match_phrase" :match_phrase}
bool={"should":[match_phrase]}

“rms®

Class=cname
for i in cname:

A
"avg": { —
"field":

yl=res[“aggregations"]["2"]["buckets"][i]["2"]["value']

Y1.append(float(yl or 2))
J+=1
colers.append("C"+str(j))

y_pos=np.arange(len(Class))
plt.bar(y_pos, Yi,coler=cclors)

plt.xticks(y_pos, Class,rotation="vertical®)

plt.tight_layout()
plt.savefig("RMSE_Histo.png')

os.system('curl --insecure --user pi:APSdasi22 -T RMSE_Histo.png sftp://1@.8.12.1@/~/ml_plots/RMSE_Histc.png')

plt.clf()
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MaChlne Learnlng lerary pIOtSpy Average PeaktoPeak per Class

200 dicte=(}
21 - for name 1In cname: s
natch_phrase={“Class.keyworc": striname)}

e IN0_0810% hdfs ", e s 3
$5¢ | EREw: EEARER A My by I‘m):vm»r_:a::::t:o-.mcs'. nasgh_gnpasgzg_na.\-“ﬁp"a:'- e
16 sPut request 1n keres IO 262730.0dFS ", bool={ SECV-\:.-[IRC phrase]}
17+ { CINO GRSETE RS, J filter={"bool":0001}

" IMO_S225879 045", 206 filter-[filter] 0.0
'DNO_ (010143 hdFS", noool={"must:[], "Fllter :filter)
LMO_ 0196268, RafS ", 288 nbool-{"beol” :nbool}
Jz.z,j;g;:::gi 209 nf1lt={str{name):nbocl} 15
*EMO_G215565 NaFS as dictciname]-nbool
'08_cablaThafr 3 hass', FERARIREIASERTIIEAIISsESNRATRIaISRIANS
‘00_cableTheft 1. nafs’,
'08_cableTheft_2, hads’, > :
'08 cableThaft 4.ha5s", L PR . es.sdarch(indees nl flibranry dita®, ody. l

'08_coblaThest_s.nass", 37
) LMD OASMIE2.hdFS", +
o ) *MO_9319454 ,n0FS5 ",
P—— e s
. i ["aserepations” 1“3 1["buckets™]: st hdfs 61
E > Fer L0 Cuslaraguticy”] (a7 ) Theckpest]: "DB_Herlan_conleThairle, hafs', ;
Fenz.appen (107" 1) > 08 Serlin cablethedry Adfs’
res = es.sesrchiindex~'nl_Library_deta"”, body- 'L‘ﬂ_rm2”‘\-!?_;;1.::1’:';.-1_"3jM"-'. 5
o ’ *LMD_US6E249 .N0FS ", - :
aggs : { '08_cabletheft blindirial #1.hafs’, - K
i "CO_Berlin_canleThedtd, ndfs”, 57 sk )
% - "terps™: { 'LMD_Deesa3L.ngss”, ~ | (AelEs “pentto_pesk ?
1 "fleld": "Class.keyword”, '08_Heclin_casleThefsl hdfs®, -t - :
ap - order”: ( *LMD_5362863 .ndf5" ] <a \
1 *_cont”: "desc”

2:i.e': ne ['Train', ‘ df) : ‘ “peak_to_peak”

‘CO_cableTheft_§ nads', 56 28 l
0o .

a
)

g

ng

-
-

~

Sacrdacheaca

Porng -
Marus
hankn
Orat
Cars
»stance

Wl

Or dling
Doty

Dackgraung

t
v
.
v
o
”

Qg

Pyvmia

4
Track

Mryiman Digye

MTE Versen’
<

Dpang_Mes

e ) ‘Ship', 75 |
> } 'Ship_Background', e ¥1-(]
46 T "Track_Distance’, a7y |vell
47 H T R <olersa(]
&) oyl . % e
; ' Oigaing Mechanical’, o€ Class-cnane
b C"“‘f-[] St e e 'Prysmisn_Digging', m1 - for 1 Ln cnase:
W+ for 1 1n res["aggregations 107371 buckets™]: ‘Pryseisn_Train', 282 wrares [ “aygregut iony *J£ 3 )| s )i}
' ame, appena (10 key" 1) > 'CableThefr', 233 yleres|"aggregaticns s"JE8I["2"]("value']  eFBEY
'walking” vy ‘!'3"35-‘;-\;§"=G?:1ﬂ“5"« I Duckets (LI "¢ [ "volue']  aFBEd
y o po |- 1. append(float(yl or 2))
gortng . s 13 2 ‘r‘—.v—n‘",‘"uf {y2 or 8;)
. orsted” ‘ 1 () )
' e - =2 Je=1
Class name list from data i o S| s enagcmastriny
‘Oriliing”, e OS] eI, ar 244317, “errRana”, YeraciSE”, Yeanrrns”, "elsessan® |
'Digaing Manual’, 98 y_posenp,srenge( len(Class))
'Aggriculture_Machine', 51 plt.berly_pos, ¥i,coler-colors) A
‘Oropping” | o2 :}f.x;ﬂ.;:?{;_pc:. class,rotation: “wertical')
297 plt.tight _Lapouty)
3 plt,savefig( ' PesktoPesk_Histo.prg')

D95 cs.system{'curl --1nSecurs -.user pLIAPSOSsill .T PepktoPesk_HAsto.prg SFtoi//10.8.12,18/«/al_plcts/Peaktofeak_Histo.png')
¢ plt.clf()
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Average MFCC

Machine Learning Library: plots.py - i

Stardard Devaton
0 Max
. e L Mn

ety __— AlI"MFCC" values 2

for 1 1in range(28):
field={"field": "MFCC_"+str(i)}
ext={"extendsd_stats":field}
dut[ﬁt':;‘l ] -ext
apg-{"aggs*:dict}

3 | rés - es.search(index~"nl 1lbrary data”, b«:d;-agg‘v
52 X-[}

VovEel] Average values
e Average + standard dev
/ Average - standard dev

/ 1000

Maximum " .
Minimum AT

MF

x=res["aggregations"].keys()
for i in (x):
X. a.,pend._.-' »
1 Yavg.append(res[“aggragations"][1]
2 Ystdup.appand(res[“aggregat
YstdDoun.append(res{~aggregations
Ymx.sppend(res{“azgresations”][1)
Ymin,append(res“azgregations”][i)
Avg=pd.DotaFrane({"average" : Y'a\'g},X‘-.S:ﬁ_lnﬂcx\,
77 StdeUp=pd.Dataframe ({ "Upper Standard Deviation™ :¥stdup},X).sort_in
StdeDown=-pd.DataFrane({"Lower Standard Deviation" Ystmur' sX). sn.rt .r'-dex
NFCCMax-pd.Datarrame({"max" :vmax},X).sort_index()
NECCNIn-pd.DataFrane({"nin" vain} X}.sort_index()

3 plt.figure(figsize«(9.5
. plt.plot{Avg, cclor="#777777", label='Average’)

BS plt.plot{Stdeup, color= 'o==(1fr', .a"c..“’h"rv" Deviation')
plt.plot{StdeDown, color="4F .
plt.plot{msCcmax, color="#
plt.plot{wscomin, color="F

¢ plt.f111 _hetween{Avg.index, n-cma [

1 plt.$111_between{Avg.incex, Avg[ "Aver
plt.$111_between{Avg. 1ncex, Avg[ “Aver
plt.f111_between{Avg.incex, StdeDown["”

. Olf Xl‘“.’,«""

9% plt.xlabel(™ Element”)
plt.ylabel("m=cc")
plt.legend()

———_ 3¢ plt.tight layout()

plt.savefig( 'mw=cC.png”’)
10¢  os.systes{'curl ..InsaCure -.user pLIAPS0SS123 -T MFCC.png sFp://10.9.12.10/~/nl plots/MeCC.ong’)
plt.Clf()
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Machine Learning Library: plots.py

Average FBE

dict= 1}
for i in range(s):
.~‘1e’.a-~:"f1e1:': “FRE_"+str(i)}

ext-{"extended_stats”:field} «— A” “FBE” ValueS

dl;'[ tr (hl,‘]-éxt
agg- ‘aggs " dict) /
res = es.search(index="nl_library_dsta”, body=agg)

Xe[]
Yavg-(]
ystdup-[]

Ystdoun-(] Average values

Yrax={]
;;g;;iﬁ?mm.3_@,50 / Average + standard dev
or 1 in (X):
it ey —— ,/ , Average - standard dev

Yevg.oppend(res["aggregations"I[i]1["s ]

Q)

FBE {

yYstdup.append(res["azgrezations” ][1]] lorcsl aggregations”][1])[ " std_deviation”
YstdDoun.append(res| “aggregations” ]f:.][ avg™ )-res[“aggregations" )[1]({“std_dev J;'.:f ]‘«

Yrax.append(res["aggregations" {1} ["nax"]) &
ynin.append(res["aggregations"J[L}["nin"]) \
Avg-pd.Datarrans({"averagse"” Ya'.'g},x}.sor't_index( 1
StdeUp=pd.DataFrame ({"Upper Standard Deviation" :ystdup},X).sert_i ) MaXImum
StdeDown=pd.DataFrame({"L ower Standard Deviation' Ws‘d}:»n}, X).sort 1nacx() . s
FBEMax-pd.Dataframe({ ¥ax" :vymax},x).sort_index() M|n|mum ¢ X g " " 2 )
seeun-pa.oatanane({'-J;'r' tyain}, x).sort_ingex() ht b3 ‘0 -3 BSOS . = a4 4
plt.figure(figsize~-(9.5,8)) . Bintnany
pit.plot(avg, cclors'ST.“‘-"" label-'averags')
plt.plot(Stdeup, color-'d=ir1==' lebel="'5tandard Devistion')
plt.plot(StdeDown, colors’ c-‘ZCl:’-E")
plt.plot(FBEMaxX, <COlors #E24423", label.'Max')
plt.plot{FBEMiN, COlor-"s#FsBsES”, label.'Min')

plt.fill_between(Avg.index,FEEMax]"Max"],5tdeup["Upper Standard Deviation™], color="s£22a33")
plt.iill_cctneen{;.vg.im:cx,a\-z[":--.'e"azr.'"],Stcevp['vcnt' Stendord Deviation"], cclor="#FBC1SE™)
plt.f111_between{Avg.index,Avg["Average”],FBENIn[“Min"], color='#FFES8E")
plt.f111_between({Avg.index, StoeDown[“Lower Standarg Deviation"],FBENIN["Min®), color-"mFBCISE")
plt.xlim({ 1,5)

2plt. yling .>eea 12580)
plt. )$ca1-( log')
plt.legend()
plt.xlabel(“FBE Element™)
plt.ylabel("FBE (log)")
plt.tight_layout()
plt.savefig( FEc.prg’)
os.system{ ‘curl --insecure --user pi:APSdes123 -T FEBE.png sftp://10.€.12.18/~/ml_plots/FEE.prg’)
plt.clf()

- w L 2 e wewe e
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- for 1 1n ranae(zee):

Machine Learning Library: plots.py
TR e AI'FFT values

agg.~1"a= <":gict)
res « es,search(index<"ml_

X<[]

Yavg-[]

Ystoeup=[]

YstoeDown=[ ]

Ymax=[]

Yminz[)

x=res[“aggregations").keys()

for 1 in (x):
X.3ppend(int(1))
Yavg.append(res[“aggregations” )[(1][“avg"])
YstdeUp.append(res[ "agsregations”)[1]["avg” J+res[“ogzregations” J[1])[ "std_ceviation*]) /
YstdeDown.sppend(res| “aggregations” [i1["ovg" ]-res{“asgregations ) [1])][ “ste_deviation"])
Yrox.append(res[“aggregations” ) [1][“max"])
Ymin,append(res[“aggregations” J[1]1["mn"])

; ({*4versge" :‘;'a;-g},)().sor'(_ir"cc_ MaX|mum
StdeUp=pd.DataFrame({' U"r" Standard Devistion 'Vstdew},)().sor't_irccx(,\

AVE=pd.DotaFrame({"Average

StdeDown=pd.DataFrame({"Lower Standarc Deviation" :YstdeDown}, X).sort_index{) N
FFTHax=pd.DataFrame({"Max" :Ymax},X).sort_index() Mlnlmum
FFTMin=pd.DataFrame({"Min" :Ymin},X).sort_index{)
plt.figure(figsize=(9.5,6))

plt.plot{Avg, color='4777777"', label='aAverage')
plt.plot(StdeUp, color="#78C15", label='"Standard Deviation')
plt.plot(stdeDown, color="#FBCISE")

plt.plot(sFTHax, coler="#224433", label="Nax')
plt.plot(sF™Min, color="8FESBS", label="Min')

11brary_data"”, body-ageg)

Average values

plt.Fill_between(avg.
plt.Fill_between(avg.
plt.Fill between(avg.
plt.fill between(Avg.
plt.xlim{1,229)
plt.ylim{-100, ~.&Be)
plt \labe.('"
plt.xlabel("F=T =1me' 3
plt.legend()

plt.tight layout()

plt sawefig{ FFT.oMG')
os.systea( ‘curl --insecurs -
plt.c1f()

")
SE”)

/

index, FFTMax| "Nax"],StdeuUp[ "Upper Standard Deviation"], color="sE2423
index, Avg[ "average”],Stdeup["Upper Standard Deviation™], color="sFsCl
index,Avg["average"],FFTMEn["Nin"], color="#FFE3BS")

index,Stdepown["Lower Standard Deviation”],FFTMin["mMin"], coler="aF8C158")

-user piiAPSdss123 -T FFT.png 5ftp://10.0.12.18/~/ml plots/Frr.png’)

.o shivs -

Average + standard dev. .
/ Average - standard dev

Average FFT
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"o — *X
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<
[
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Machine Learning Library: plots.py

for classtype in cnare

fFul reguest »» heree

rchiindex="gl_liorary_dsta’

chame

tov
" ey N <
1
zize": 190
i -
s> ¢+ §
1 g
.‘:-'
fleld®;: "pesc_to_pesk”
3
v
- I
}
Is
"gaze": O
Source’
Ts
. ed_siel
ript_fiela
Jocvslue_field
el Uplcadiat
3 Jate_time
)
|
Caddirdomccaios
“query”s {
boal": {
should”:
{
L
ML s (
%5 ke re”: classtype
.
}
L
minimua should rat
1
J
.'I
xe{]

pap-[]
for 1 1n res[“sgRregaticn
x.oppend{i[ “ker*l)

ncrmpap: [Float( <) /sum(zap

plt.step(x,Normplp, latel-

For each “Row” of data

1

peak to peak”

Filter the class name

Normalize peak to peak

s I"2" 1 ["buckets"]:

) for 1 in p2p]

classtype, mhere-"md

Presrvyrry

ey

e

Loop over class names in

Peak to Peak Data per Class

— Train
Ship
~ Ship_Background
Track_Distance
Digging_Mecharecal
Car
Prysman_Digging
= Prysmian_Tran
x 0,028 ~=« CableThelt
£ Walking
- =~ Bonng

j 002 Orsted
.. RTE Verson? Carns
¥ Oriang

= a0t Owgging_Marual
Aggnculture_ Machin
Oropping

I V7
Sete ! i 33 T Y 1, Y e T
PR T o~ ;

it xlim(e,90)
it.ylabel{“Normal

plit.legend()

plt.tight_lasyout()

ized PedkTofeai™)

pit efig( re
os. ‘curl - 3 -T PeaktoPeakperClass.png sftp://16.8.12.18/~/nl_plots/PeaktoPeskperCless.ong
plt.<1f()

Jcolor="C"estr((cnane. incex(classtype) ) ), Linestyle-linsty| crame. index(classType) ])
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€3 €0 €0 €3 09 €3 €0 €3 ~J ~d ~J ~J

for

classtype in

(rare:

res = &5, 5earch(indens"nl_I
wrut reguest in heree
" - r
oEes ¢ 1
Waw. ¥
0 |
Lers

cname

size’: 1089
I .
2ek- 1

‘UploadDate”,

"date_tine

PIRSSIZRLRRELT

L Filter the class name
' -.--:-:r Eﬂ':::::.x /

d": classtype

miniman_should sstch®: 1

Normalize rms

J;-.‘AAJA‘AJA*‘JJ“AA)JA- CNUMAMALKNARACRNANAANKLANAL

b3

x={)

—rg-— ]

for 1 in re:[ \;.gr"".l"; J{"2* )["buckets
X.append( b~ 1)
ms. aa'w'nc (1{"1" ][ "value”

Nermms-| flost(1)/sun(res) for 1 in ras)
plt.step(x, Norsres, label-classtype, where-"mig”,

Machine Learmng Library: plots.py

Loop over class names in

For each “Row” of data

)}, 1anestyle-linsty|cname. tndex(classtype}])

RMS data per Class

=
=
0
oo
o - M » 11“1, .
.00
. 125
plt.ylabel (“nmormalized
plt.lagend|
plt.xlim )
plt.tight_layout()
plt. seLg RMEpercClass.ong
os.systes(’ curl ecure T ps 3 T R¥Spercless.png sft 19.8.12.18

plt.cl1€()
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Machine Learning Library: plots.py

dictle={}

reices RN Class names list

mabih_phreyes{"Clany . kwyword™: sir(mew)} 104

melih_phreses{"aalch_plerww™ imalch_phirasw}
bouls{"should” : [metlch_phirase]}

Fillur={"kx iboul}

Filtur=[filler]

rinoul={"mey L " [ ], "Fillwe":Filtur)

s ] a{"bonl ™ -ubool )

€ il { sl (reese ) :nbowl)

dicbe [nuese ] nboul W 101
dict=(} g
for i in renge(5):

Fivlde{"Fiwld": "FBE "sslr(i)} +—— 0 “FBE” f Id

wxbe{"wxivended sluls":fivld} Ie S

L

Jick[sir{iel) ]=uxtl

B P P NN AP
plt.figure(figsize~(9.5,56))

res - es.search{index~"ml_library_cata”, body=
{“aggs”: ("10": ("fil (“filters®: dictc), “aggs”:dict))))

R ——
Class fllter

for i in wnees:

Loop over class

FBervs " eumrvgetivna™][* 18" ){ "buckels"]1{i]

PIL. bur(xecmesw. indea(3) bwight=FB["1" ][ 'wvy " ], colar="C4" lebwl="FBE 1", linwwidlb=i edgecclors="blach’ ,widlh=1)
PIL.bur (zecmee, indwa( i) bwight=FB[" 2" ][ "wvy' ], culor="C FBE 27, linewidlh=1 edgecolor="blach’ ,widlhe=1,
PIL. bur{zecmene, indux(3) bwight=FB["3" ][ "uvy' ], colar="(2 FBE 3", linewidlh=1 edgecvlor="bluk’ ,widlhe1,

[Tevg" 1LFBL 271 "wvg' 1) - Lodisti))

PIL. bur(xecnesw. indwa(3) dwight=FB[ 4" [ "wvy' ], culor="C1" Jabwl="FBE 4", linwwidlbh+1 edgecolor="black' widlh=1,
bollemenp . add (ep . add(FBI 2" ][ "wvy " JLFB["27 ][ "wvy " 1) - Ladint (), FB["2" ][ "wvy’ ]'n.luli'.'.():v!
Pl bur(zsenese, indea () Iwight=FB["S ][ "uvy " ], colour="C2" Jabwl~"FBE 5", linwwidibel edgvivlor="black’ widlh-1,

Lol tomenp, wdd (ep. add{np. wdd(FB[ "1 [ "wvyg" ] FB["
piloxticka{rwge(len{cinams) ), tneew, rolations",

0=

licel")

£ W

from colluclionm impurt OrdwredDicl

haredlus, labwis = plt.gcw().gol_lugwnd _handles _labels()
by_lubwl = OrderedDict{sip(labels, handlivs))
pIL. Jegend{by_Jebwl.valuws(), by _labwl. keys())
pil.yscale("ivg")

pPil.ylabel("FRE")

Splt.show)

pit.tight_laywal()

pit.savesig( ' rECbandsPerClass.png’)

& os.systes{ curl --insecure --user pl:APSARS123 -T FEDandsPerClass.png s#1p://10.0.12.10/-/al plots/fO{DandsPerClass.png’)
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Summary and Outcomes

e Explored real implementations of ML models for data science, in a workplace scenario:
o Successfully implemented ML model to detect anomalies in incoming data (see plot)

o Created updating databases for new ML statistics and visualizations
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Summary and Outcomes

Improvements of Data Science Skills:

e Data exploration, wrangling and analysis, understanding and filtering valuable information
e Appropriate usage of different ML models (Linear regression, 1 class svm, autoencoders)
e Various programming languages and modules

Improvements of Soft Skills:

Project time management, task priority assessing and keeping to deadlines

Liaising/teamwork with colleagues on project details/plans

Taking leadership on a project and reporting findings

Tackling issues relating to project difficulties/compromises (small amounts of data, limits to software packages,
etc.)

Group meetings and scheduling

Creative thinking and approaches to different data types

Presenting results and project hand-off details/instructions
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