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BeHUMAPKUHI

y: Ground truth I \ ’ \ - -
1 pa C1
51}‘1: Random ' |‘ | I
beHuMapK - paTacer, 0.21 044 0.26
COBBONAIOLLUL yo: All positives [ —
LU NMCCNeAOBATEeNAM 033 032 033
CUCTEMATUYECKM N PEANUCTUYHO ys: rec.=1, high FP, l ﬂ l ]_\
0.08 0.74 0.17
OLEHMBATb HOBbIE ANTOPUTMBbI MO i1: rec,=0.5, no FP,
CPOBHEHMIO C CVLLECTBYIOLWMMMU ) _]_‘ 0.70 0.81 0.67
anbTepHaTBamu [Burg2020] ys: rece=1, 1 Fh _r ﬂ M 023 098 0.89
o: rece=l.no FE, | 7 I 0.64 1.00 1.00
[Mpumep oueHkn anroputmoB [Garg2021]

|
van den Burg, Gerrit JJ, and Christopher KI Williams. "An evaluation of change point detection algorithms." arXiv preprint arXiv:2003.06222 (2020).
s ko ItGCh Garg, Astha, et al. "An Evaluation of Anomaly Detection and Diagnosis in Multivariate Time Series." IEEE Transactions on Neural Networks and
. Learning Systems (2021).
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AKTYAONbHOCTb 1 0630p 6€HUYMAPKOB

Dataset Application Anomaly type License Year
—He60f\b|.|Joe KONMYECTBO KDD Cup 99 Inl:ru:a?c-n, Frand Fnrnt N.L 1999
DARPA 1999 Intrusion, Fraud Point N.L 1999
beHuUMa PKOB B obNACTU A New Gas Pipeline dataset Intrusion Point, collective =~ N.L 2014
- . . i Non-commercial
TEXHNUYECKON AMATHOCTUKUN S5 (yahoo) Intrusion, Fraud Point, collective . 1 pUIpOSeS 2015
Microsoft Intrusion N.I. Unpublished N.L
- EO[\bLU MHCTBO KPI {(AIOPS data competition) Web Collective N.L 2018
N-BaloT: Data for network based detection of . .
C\/L|_||CTB\/|-OL|_|||/|X 6eHL|M(]pKOB loT botnet attacks Intrusion Point N.L 2018
HAM po BNEHbl HO 30 AG LIV Secure Water Treatment (SWaT) Intrusion Point, collective CC BY-NC-SA 2016
o Technical benchmarks containing industrial faults and failures
6UHAPHOWM KNACCUPUKALINU Delft pump Faults Point N.L 1999
Tennessee Eastman Process (TEP) Faults Collective N.L 1993
-H eAOCTATOYHOCTDb Sugar Refinery Benchmark (DAMADICS) Faults Collective N.L 2006
U HCI)OpMG LU (f\V| LIeH3u4, Faults in a urban waste water treatment plant Faults_ Point _ N.L 1993
The Numenta Anomaly Benchmark (NAB) Intrusion, Fraud, Faults, Web  Collective GNU AGPL v3.0 2015
3dpaym, MmetToAnNKA OUeHKN, Satellite Anomalies Faults Point, collective N.L 1988
- . . : Permission 1s granted
|-|V6 NMYHbIL nmape p6o p AU T.B.) Anomaly Detection in Wireless Sensor Networks  Faults Collective to use in any format 2010
Machinery Fault Database Faults Collective N.L 2016
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AKTYAONbHOCTb 1 0630p 6€HUYMAPKOB

-Hebonblwoe uncno Touek
N3MEeHEeHNa COCTOAHUSA

-OpHOMEpPHbIE AOHHbIE

-OMYNMPOBAHHbIE U
CUMVYNMPOBAHHbIE AOHHbIE

-PasmeTka pnga 2x knaccos
(HopmMa, aHoManus)

-QOueBnpHbIE AHOMANUN,
OBHAP\YKMBAEMDbIE C
nomMouwblo “one-liners”

%% ¥ 03
Dataset E £ g e B E 7 i E Z
s‘ < 2¢ 8 - 5o b
D ®
KDID Cup 99 1.386,021* al2.614* 9w 41 S(39)** Emulated
DARPA 1999 — 211 attacks Sw b 5(56)** Emulated
A New Gas Pipeline dataset 274,621 35° N.L 6200%  S(R)** Emulated
§5 (yahoo) 36T x 1,500  3.915(208) 2M | 2 :t;;lﬂ;:*:fd
Microsoft m2x172t 187 6 M | 2 Real-world
KPI (AIOPS data competition) 58x102,1191 13411402453 N1 | 2 Real-world
N-BaloT: Data for network based deiection of loT 7 062.606 55,624 NL 115 1 Real-world
botnet attacks
Secure Waier Treatment (SWaT) 046,722° 36 1 d 51" 5 Emulated
Technical benchmarks containing industnal faults and failures
Delft pump*** 1,500 1,124 N.L frd 2 Emulated
Tennessee Eastman Process (TEP) 22x 1,460 16, 800021) 3d 52 22 Emulated
Sugar Refinery Benchmark (DAMADICS) 2586400  44.901(37) 1d 33 20 Emulated
Faults in a urban waste water treatment plant 527 9 527d 3% 13 Real-world
The Numenta Anomaly Benchmark (NAB) 58x6,302° N.L{120) 1 2 hﬂ&:ﬂd
Satelhie Anomahes 5,033 5,032 N.L 152 9 Real-world
Anomaly Detection in Wireless Sensor Networks Single 4,417 117(2) 6 h 4 2 Real-world
Anomaly Detection in Wireless Sensor Networks Muln - 4,690 O0(2) 6 h 4 2 Real-world
Machinery Fault Database 1951 250,000 475,5M 5% ¥ 26)** Real-world
SKAB (v0.9) Mx 1,200 13241(1200 20 m g AT y** Real-world
SKAB (v1.0) 310 x 1,200 130,200(1240) 20 m B 2 10)** Real-world

* - number of unique instances, including est and train seis; ** -

number of classes (number of subclasses), e.g. 5 (8) ; *** - accounied

dataset "Dataset Delft pump 5x3” from [54]; 7 - mean value; © - 6 features in a raw dataset, 20 features in a preprocessed one [10];
t - a widespread benchmark based on TE process from [17] is accounted: * - reflects only to physical properties of the testbed,
there is an additional network traffic data; © - a total number of single point and collective anomalies.
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Llenb

Llenb nccnepoBaHusa - paspadboTaTb 6EHUYMAPK CO CNeAVIOLLMMN CBOUCTBAMMU:
[ToMEHNMBIN AN OLIEHKU KAYECTBA PABOTbI ANFOPUTMOB B OONACTU NMOUCKA
AQHOMAONUN TEXHNYECKUNX CUCTEM
BO3MOYXHOCTb AEMOHCTPUPOBATL pPeELLIEHNA 0bENX NOA3AAAY MOUNCKA
AHOMONN. MOUCKA BbIBPOCOB 1 MOUCKA TOYEK NBMEHEHNA COCTOAHUSA
NAEMOHCTPUPVIOLLNN BOSMOXHOCTb M 3HAYMMOCTb PE3YNBTATOB OLIEHKU HAO
OeHUMApPKe 30 CYET NPenACTABNEHNA BEN3NANHOBbBIX ANFTOPUTMOB

Nerkas AOCTYNMHOCTb 1 NoppobHoe onmncanme 6eHumapka (GitHub, Kaggle um

L)
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cnbiTaTenbHbIU CTEHA

CTeHp, COCTOUT U3 CNEAVIOLLNIA CUCTEM:

02

05

CuncremMa UMpPKYNaLMmM BOAbI

CucteMa MOHUTOPUHIA COCTOAHNSA
CUCTEMbI LIMPKYNALIMU BOABI

CuncremMa KOHTPONA 1 YNpaBNEHNS
CUCTEMOM UMPKYNALMN BOAD

CucrtemMa AeMOHCTPALMN TEXHONOTUN
Time-Sensitive Networking (TSN)

Cuctema cbopa, 06paboTKn U
BU3YANN3ALMN AOHHbIX
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dokyc

~

5 29 8

MepepHsas NAHENb N COCTAB CUCTEM LIMPKYASLUU BOAbI, MOHUTOPUHIA, KOHTPONS N YNPABNEHUS:
1 - BOAAHOW 60K; 2 - BOASHOM HACOC; 3 - 3NEKTPOABUrATEND; 4 — KNAMAHbI; 5 - MEXAQHNYECKUIA
pblyar Ana obecrneyeHmnss HeCOOCHOCTM BANOB; 6 - KHOMKA ABAPUNHOW OCTAHOBKMW.

AaTumku:

7 - natumk pacxopa (NI 9401 8-channel); 8 - paturk pasnenunsa (NI 9203 8-channel); 9, 10 -
Bnbpoaatunkm (NI 9232 3-channel); 11, 12 - Tepmonapsbl (NI 9213 Spring Terminal 16-channel
thermocouple).




[TlapamMeTpbl 3KCNepUMEHTA

The Testbed MySOL DB

=10 minutes =1 minute : =5 minutes

processing

—

| =1 minute

CSV

.csv files

=3 minutes

-_—

Normal (healthy) , Transition

mode

mode

Anomalous state

: Anomaly

Transition
mode

Normal (healthy)
mode

@)

Changepoint #1  Changepoint #2

Changepoint #3 Changepoint #4

N4

1.

10.

11.

. AccelerometerIRMS - Shows an absolute

. Accelerometer2RMS - Shows an absolute

. Pressure - Represents the pressure in the
. Temperature - Shows the temperature of

. Thermocouple - Represents the

. Voltage - Shows the voltage on the electric

. RateRMS - Represents the circulation flow

Kaxkabint .csv dann copep>XUT KONOHKMU:

datetime - Represents dates and times of
the moment when the value is written to the
database (YYYY-MM-DD hh:mm:ss)

vibration acceleration (Amount of g units)
vibration acceleration (Amount of g units)
Current - Shows the amperage on the
electric motor (ARmpere)

loop after the water pump (Bar)

the engine body (Degree Celsius)

temperature of the fluid in the circulation
loop (Degree Celsius)

motor (Volt)

rate of the fluid inside the loop (Liter per
minute) __
anomaly - Shows if the point is anomalous |
(Oor1)

changepoint - Shows if the point is a

changepoint for collective anomalies (O or 1)

features (X)

target (y)

Skoltech I.".i

waico.tech



OKcnepuMeHTbl 1 TUMbl AHOMANUIA

Linear change

Changepoint #1 Changepoint #3
N i Changepoint #2 i Changepoint #4
| #I0min ' ~Imin | x6min ' ~Imin | ~3min |
Anomaly Total amount Type 1 : | : | |
Partly closed valve 1 47 x 4 collective
Partly closed valve 2 47 x 1 collective o : : :>
Shaft imbalance 5T x 1 collective A , Step change , ,
Cavitation by means of water-air flow . 11 | | I
: 1 collective | . .
moving to pump : | | | |
0] | | | | |
Cavitation by means of leakage water . S ' | | ' I
1 collective ® | | .
from tank 00 : : >
. ) ) Exponential change

Faults associated with adding water to . % 1 | P | ; d | ,
6 collective €.l | | | . |
tank o | | :
Increase and decrease temperature of : <
; 1 collective | | | | |
water in tank : : : : :
. 0 : : >
Total anomalies 34 A | Abrupt change | |
T refers to the existence of different strategies for anomaly appearance A ' |
obtaining that are shown in Fig. 3 on the example of partly closed
valve anomaly. These strategies might make it possible to judge the
. . . L] L] o |>

degree of sensitivity of the algorithms to anomalies. Changépoint #1 - Changepoit #2

ime

- Healthy state - Transition state - Anomalous state

+ AaTaceT ¢ ANMTENbHON “HOPMANbHOW” 3KCNAYATALMEN
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CpaBHeHUE C CYLECTBVIOWMMN BEHUMAPKAMN

Dataset g =57 = 2 g & 2 =
E ZEC 2 & z2 23
L
KDD Cup 99 1,386,021* 512,614% 9w 41 5(39)*+* Emulated
DARPA 1999 — 211 attacks S w 8 5(56)** Emulated
A New Gas Pipeline dataset 274,627 35° N.L 6(200%  5(8)** Emulated
$5 (yahoo) 67x 1,500 3915(208) 2 M | 2 ﬁ;’;lx‘jd
Microsoft 372x 1721 1.871 6 M 1 2 Real-world
KPI (AIOPS data compettion) 58:102,119%  134,114(2.453) N.L 1 2 Real-world
;Halu’l':l E}_ata for network based detection of IoT 5 05 e 55.624 N 15 1 Real-world
inet attacks
Secure Water Treatment (SWaT) 946,722* 36° 11d h 3 Emulated
Technical benchmarks comtaining industrial faults and failures

Delft pump*** 1.500 1,124 N.L 64 2 Emulated
Tennessee Eastman Process (TEP)? 22x 1460 16,800021) 3d 32 22 Emulated
Sugar Refinery Benchmark (DAMADICS) 25x86400 44 901(37) 1d 33 20 Emulated
Faults in a urban waste waler treatment plant 5217 9 577d 38 13 Real-world
The Numenta Anomaly Benchmark (NAB) 58x6,3021  N.L(120) - I 2 ﬁﬂlrti}:im
Satellite Anomalies 5,033 5,032 N.L 152 9 Real-world
Anomaly Detection in Wireless Sensor Networks Single 4417 1172} 6h 4 2 Real-world
Anomaly Delection in Wireless Sensor Networks Multn - 4,690 99(2) 6h - 2 Real-world
Machinery Fault Database 1951 250,000 475.5M 5s 8 2(6)** Real-world
SKAB (v0.9) 3 ox 1,200 1324101200 20 m 8 207 )** Real-world
SKAB (v1.0) 310 = 1,200 130, 2000 1240) 20 m 8 2010)** Real-world

* - number of unique instances, including test and train seis; ** - number of classes (number of subclasses), e.g. 5 (8) ; *** - accounied
dataset "Dataset Delft pump 5x3” from [54]; T - mean value; ® - 6 features in a raw dataset, 20 features in a preprocessed one [10];

¥ - a widespread benchmark based on TE process from [17] is accounted; * - reflects only to physical properties of the testbed,

there is an additional network traffic data; © - a total number of single point and collective anomalies.
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MeTpI/IKI/I N ANFTOPUUTMbI OLLEHKW

3apaum
NONCKQ
AHOMAONNN

[NONCK TOYEK NBMEHEHUS
COCTOAHUNA

MeTpukn

MeTpnKn HO OCHOBE OKOH
(KpoMe 6UH. Knac.)

NONCKQO
AHOMAONNN

# nab metric calculation

l

nab = evaluating_change_point(true_cp,

Standart - 17.87
LowFP - 3.44
LowFN - 23.2

predicted_cp,
metric="'nab',
numenta_time='30 sec')

Skoltech
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NAB scoring algorithm

MeTpukn Ana OWMBKK
MOMEHTA AETEKTUPOBAHUS

|-ADD=MAE=AnnototionError

v

# average detection delay metric calculation

add = evaluating_change_point(true_cp,
predicted_cp,
metric='average_delay',
numenta_time='30 sec')

Average delay @ days 00:00:07.150000
A number of missed CPs = 90

BuHapHasa
knaccuomkauma (nomnck
BbI6POCOB)

!

MeTprkn 6MHAPHON
Knaccnomnkaumm

-FAR=FPR
-MAR

-F-measure

!

# binary classification metrics calculation

binary = evaluating_change_point(true_outlier,
predicted_outlier,
metric="'binary',
numenta_time='30 sec')

False Alarm Rate 12.14 %
Missing Alarm Rate 52.56 %
F1 metric 0.56

https://habr.com/ru/companies/rosatom/articles/687270/

l


https://habr.com/ru/companies/rosatom/articles/687270/

ANrOpUTMbI AN HOYANBHOIO NMpep6opAa

AI\FOpI/ITMbI MOUCKaA Bbl6pOCOB N TOHEK NSMEHEHUA COCTOAHUA:

1.

T2. Statistical process control charts are quite common techniques for process monitoring. T2 Hotteling’s statistics is a multivariate control chart based on the mahalanobis distance
between current state vector and the target vector which represents normal state of a process.

2. T2 +Q (PCA—based). Principal component analysis (PCA) is one of the most popular techniques for process monitoring and anomaly detection. PCA is often used as a part of anomaly
detection pipeline based on T2 and Q indicators generation and analysis. In this case T2 statistics is based on the first m of n principal components, while Q statistics is based on the
remaining n-m PCs.

3. LSTM-based NN (LSTM - Long-short term memory). We use LSTM-based approach for anomaly detection. The error between real data points and LSTM-based 1 point
ahead prediction at a time moment i based on Mean Squared Error (MSE) was used for the anomaly detection.

4. Feed-Forward Autoencoder. Autoencoder was initially proposed as dimension reduction technique capable of find nonlinear dependencies between the features, but it can be used
for anomaly detection problem solving as well. It is a feed-forward symmetric neural network architecture that reconstructs or replicates the data. The reconstruction error can be used as
the anomaly score. We propose MSE as the reconstruction error to make this approach be like an LSTM-based one.

5. Convolutional Autoencoder (Conv-AE). A reconstruction convolutional autoencoder model to detect anomalies in timeseries data using reconstruction error as an anomaly
score.

6. LSTM Autoencoder (LSTM-AE). A reconstruction sequence-to-sequence (LSTM-based) autoencoder model to detect anomalies in timeseries data using reconstruction error as
an anomaly score.

7. LSTM Variational Autoencoder (LSTM-VAE). A reconstruction LSTM variational autoencoder model to detect anomalies in timeseries data using reconstruction error as an
anomaly score.

8. Variational Autoencoder (VAE). A reconstruction variational autoencoder (VAE) model to detect anomalies in timeseries data using reconstruction error as an anomaly score. VAE
is an autoencoder that learns a latent variable model for its input data.

9. MSCRED. Subsequently, given the signature matrices, a convolutional encoder is employed to encode the inter-sensor (time series) correlations patterns and an attention based
Convolutional Long-Short Term Memory (ConvLSTM) network is developed to capture the temporal patterns.

10. MISET. Multivariate state estimation technique is a non-parametric and statistical modeling method, which calculates the estimated values based on the weighted average of historical
data.
11. Isolation forest. It is a machine learning algorithm that isolates anomalous points from the normal instances using the assumption that “anomalies are those instances which have short
average path lengths on the iTrees”. This method is relatively simple, intuitive, and it has just a few hyperparameters for the tunning.
LDononHnTenbHo:
1. Perfect detector. It denotes the algorithm that finds all the anomalies when they occur, and it never fails.
2. Null detector. The null detector detects no anomalies at all, showing a normal state for all instances.

Skoltech I.".i 12
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Pe3ynbtaTtbl (npepbopAabl)

ToueuHble aHoManmu (BMHAPHAOA KnaccueuKaums)

OtcoptupoBaHo no F1; ana F1 6onblue - nydwe; n ana FAR (False

Alarm Rate), n apna MAR (Missing Alarm Rate) meHblle - nydlle

Algorithm
Perfect detector
Conv-AE
MSET
LSTM-AE
T-squared+Q (PCA)
LSTM
MSCRED
LSTM-VAE
T-squared
Autoencoder
Isolation forest

Null detector

F1
1
0.79
0.73
0.68
0.67
0.64
0.64
0.56
0.56
0.45
0.4
0

FAR, %
0
13.69
20.82
14.24
13.95
15.4
13.56
9.13
12.14
7.56
6.86
0

MAR, %
0
17.77
20.08
35.56
36.32
39.93
4116
55.03
52.56
66.57
72.09
100

Skoltech

1F

waico.tech

KonnektmBHble QHOMONUM

(NMOUCK TOUYEK N3MEHEHUNA COCTOAHMNA)

OTCOPTMPOBAHO MO
Algorithm
Perfect detector
Isolation forest
MSCRED
LSTM
T-squared+Q (PCA)
ruptures**
CPDE***
LSTM-AE
LSTM-VAE
T-squared
ArimaFD
Autoencoder
MSET
Conv-AE

MNull detector

NAB (standard); ang Bcex MeTpuK 6onblue - nyuLle

NAB (standard)
100
37.53
28.74
27.09
26.71
241
23.07
2212
19.17
17.87
16.06
15.59
12.71
10.09
0

NAB (lowFP)
100
17.09
23.43
11.06
22.42
21.69
20.52
20.01
15.39
3.44
14.03
0.78
11.04
8.62
0

NAB (LowFN)
100
45.02
31.21
32.68
28.32
25.04
24.35
23.21
2098
23.2
1712
2091
136
10.83
0

13


https://ieeexplore.ieee.org/abstract/document/7424283?casa_token=vBMrHQtV4lEAAAAA:Z6sX7Hej1E_07oRXm9izcQ6gls7a7_68h-BGXUDtogFRAdgtzKDZ3ELJMmoVdPTLH9mocnRAO1QP

Pe3ynbtaTtbl (npepbopAabl)

ToueuHble aHoManmu (BMHAPHAOA KnaccueuKaums)

OtcoptupoBaHo no F1; ana F1 6onblue - nydwe; n ana FAR (False

Alarm Rate), n apna MAR (Missing Alarm Rate) meHblle - nydlle

Algorithm F1 FAR,% MAR, %
Perfect detector 1 0 0
Conv-AE 0.79 13.69 17.77
MSET 073  20.82 20.08
LSTM-AE 0.68 14.24 35.56
T-squared+Q (PCA) 0.67 13.95 36.32
LSTM 064 154 39.93
MSCRED 0.64 13.56 41.16
LSTM-VAE 0.56 9.13 556.03
T-squared 0.56 1214 52.56
Autoencoder 0.45 756 66.57
Isolation forest 0.4 6.86 72.09
Null detector 0 0 100

Skoltech
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KonnektmBHble QHOMONUM

(NMOUCK TOUYEK N3MEHEHUNA COCTOAHMNA)

OTCoOpTUPOBAHO MO

NAB (standard); ang Bcex MeTpuK 6onblue - nyuLle

Algorithm NAB (standard) NAB (lowFP) NAB (LowFN)
Perfect detector 100 100 100
Isolation forest 37.63 17.09 45.02
MSCRED 28.74 23.43 32
LSTM 27.09 11.06 32.68
T-squared+Q (PCA) 26.71 22.42 28.32
ruptures** 241 21.69 25.04
CPDE*** 23.07 20.52 24.35
LSTM-AE 2212 20.01 23.21
LSTM-VAE 19.17 15.39 20.98
T-squared 17.87 3.44 23.2
ArimaFD 16.06 14.03 17.12
Autoencoder 16.69 0.78 2091
MSET 12.71 11.04 13.6
Conv-AE 10.09 8.62 10.83
Null detector 0 0 0

14


https://ieeexplore.ieee.org/abstract/document/7424283?casa_token=vBMrHQtV4lEAAAAA:Z6sX7Hej1E_07oRXm9izcQ6gls7a7_68h-BGXUDtogFRAdgtzKDZ3ELJMmoVdPTLH9mocnRAO1QP

Mpumep (T? cTATUCTUKA)

VicxopHble AQHHbIe A QHHbIE HA BbIXOAE AN BUMHAPHOW KNAccupukaunm
(dataset #1) (dataset #1)
Signals 140 4 —s— predictions
150 : — fccelerometerlRMS 08 - anamaly
A= 5=
1 —— {urrent 06 -
200 1 - P‘F:rf::-uﬂr:tum 0.4 1
—— Themmocouple
oltage i %7
150 - —— Wolume Flow RateRMS 0 - 1 - o m—- A ——
anarmal ! ! ! ! !
E — munl;r.;nt " ﬂ-ft-"-" .da""j"m “q“:""ﬁ daﬂ.ﬁ'ﬁ ﬁqﬁg}
100 - datetime
= . ,D,CIHHbIe HA BbIXOAE ANA NMONCKA TOHeK USMeHeHNAd COCTOAHUSA
g | | (dataset #1)
10 1 —— anomaly 10 {[—- predictions T
ER changepoin: 0g | — angepoint
0.6 1 06
04 4 0.4 -
037 02 1
0.0 1 00 1
¥ | i | i | 2 | il | N o o v » N N '
ot o Pt @t @ ® ® ® ® ®
datetime datetime
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Outcomes

1. AaTaceTsbl

2.
3.

EDA
Nnpepbopabl

Python moaynm pna oueHKU
PE3YNLTATOB

BenananHebl: python 6NOKHOTHI C
PEANN3OBAHHLIMUN ANFOPUTMAMM
OBHAP\YKEHNA AHOMANNN

30 UMTUPOBAHMIN B HOYYHbIX
CTATbSAX

Github* (212 stars) n Kaggle**
(37 upvotes) peno3ntopumn

Skoltech

1F

waico.tech

1. CraTtba “SKAB: Skoltech
Anomaly Benchmark for
Industrial Faults and Failures
Detection”

2. NHCTpyKuma-ctatba HaO medium

& waico [ SKAB | pubiic

<> Code (©) Issues 8

¥ master ~ Go to file

1% Pull requests 13

(> Watch 4 ~

() Actions

§ YKatser Merge pull req... ..  on Mar 26,2022 9154
data data rebuild, EDA recomp... last year
docs Missprint fixed 2 years ago
notebooks Merge pull request #40 fr... last year
utils recompute ArimaFD Close... last year

[9 .gitignore closes #2, closes #4; Rew... 2 years ago

[ LICENSE Update LICENSE 3 years ago

D README.... Update README.md last year

= README.md V4

SKAB

T T T Thetestbed is under repair right now.
Unfortunately, we can't tell exactly when it will be
ready and we be able to continue data collection.
Information about it will be in the repository. Sorry

for the delay.

T T T The current version of SKAB (v0.9)

% Fork 39 -

Starred 212 -

f Projects

SKAB - Skoltech Anomaly
Benchmark. Time-series data for
evaluating Anomaly Detection
algorithms.

benchmark leaderboard
dataset outlier-detection
datasets anomaly-detection
skoltech changepoint-detection
skab collective-anomalies

algorithms-evaluation

Readme
GPL-3.0 license
212 stars

4 watching

€ O % B B

39 forks

Report repository

Contributors s

:006¢

Languages

® Jupyter Notebook 99.9%

® Python 0.1%

* https://github.com/waico/SKAB/

** |urii D. Katser and Vyacheslav O. Kozitsin, “Skoltech Anomaly Benchmark (SKAB).” Kaggle, 2020, doi: 10.34740/KAGGLE/DSV/1693952. 16
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IOpun Kauep, co-founder waico.tech




