TSB-UAD: An End-to-End Benchmark Suite for Univariate
Time-Series Anomaly Detection
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Figure 1: Representative examples of a sample of the public, highly diverse, datasets included in TSB-UAD. The ground truth anomalies are
annotated with red color. The datasets have high variability in sizes as well as anomaly types, densities, and lengths.
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3 BIASES IN TIME-SERIES AD EVALUATIONS
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3.1 Types of Time-Series Anomalies
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Figure 2: Synthetic illustration of the three time-series anomaly

types: (a) point; (b) contextual; and (c) collective anomalies.
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3.2 Selection of Datasets
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3.3 Selection of Model Parameters
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3.4 Selection of Evaluation Measures
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4 TSB-UAD: BENCHMARK DETAILS
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Table 1: Summary characteristics of the 1 public datasets included
in TSB-UAD. R, is the relative contrast (discussed in Section 4.5),
a coefficient measuring the distribution of normal and abnormal
points, with smaller values indicating relatively higher difficulty.
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Figure 3: Artificial AD dataset generation process from a time-series
classification dataset (Symbols from [31]). In the left panel, the solid
lines indicate the MST based on the affinity matrix among all labels.
The neighboring nodes belong to two different colors, red (blue) la-
bel is abnormal (normal). Square labels are selected to generate the
time series. In the right panel, we present two sample time series.
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4.2 Transforming Time-Series Classification
Datasets into Labeled AD Datasets
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Table 2: Summary characteristics of 1 datasets (out of 126) in artifi-
cial category of TSB-UAD. R, is the relative contrast (see Section 4.5),
a coefficient measuring the distribution of normal and abnormal
points, with smaller values indicating relatively higher difficulty.
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4.3 Data Transformations for Synthetic Dataset
Generation of Increasing Difficulty
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(a) Global transformations. Left: original data (top), random walk back-
ground (middle), add point outliers (bottom). Right: smoothing (top), ap-
ply two smoothing windows (middle), add white noise (bottom).
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(b) Local transformations. Left: insert a flat region (top), re-scale one period
(middle), add white noise to a period (bottom). Right: flip one period horizon-
tally (top), tanh normalization (middle), over sampling (bottom).

Figure 4: Illustrations of global and local data transformations.
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4.4 Evaluation Measures and Tests for AD
S r m swrs Rpr S uw o
w s r S W SWKS B PrSW S M x
s r wmwgs TS ®m @ sallm sars r wp ®ss
Precision, Recall, and F-score: P w R X
w ms nowg » ws TP P T ® nawa x
™ S S ®»Ss ™ W g » s mg
ss fi s T wm fim Precision = TP/(TP + FP), Tru
ps 1 ) TPR = TP/P = TP/(TP+FN), » % s
»s r  FPR = FP/N = FP/(FP+TN). Su s au » R
s r s R R W »r F —score =
- Precision- Recall/(Precision+Recall). T s m surs r m s
R W WS u w s rowr
AUC: Pr s w» m s r pwm oW » s
xS » mw S ¥ R BT W R TR
» ms(sw

x

S ® B X

=1

=

©»

[72]

=

=
—
~

=1

™ =» P wrwg
S ™ ppr pr o swr o » gn x
i ZO N ) roox w X P Wms X
um » s wmp 7 orsa ss s © s g supp WA
r Pr s m wr o ( o » TS )
Range-Precision and Range-Recall [104]: T s r
. NeS x »m Pr s » w wosur S x
fim ws x » pur rngsSp fi
r fim wm wms rxss x xS LU
MW SH S aMm S
SH S U W S x
naw X ®» ™ w xS x Ps w
LU I Pr oRmw R
X gwmm K @ WS
m R SK S QMW s r ng s r s T m
G g Pr s » w» ne
Precision@k: " w

=
L]

=

nes r »now

moxk p msk w

™ ®osar S » ms kw s sgnfi »
®mW S rsSsS m®mm S »  Neg rrspw wg TP s
TP@ »Pr s m@ TP@ /



,,,,,,,,,, Ny 4 Ny
M\/\/ ¥
NAAVaV ,\/\f\/\,\/\/\/\/W\/‘/\r\N
o 300 600 900 1200 0 300 600 900 1200

e { (b) Multiple anom
—— (b.1) Multiple dif ferent anomaly ——

(d) Multiple normality |------------

(. l)AExample 1—

1.

00 900 1200 o 300 560 900 1200
i (d.2) Example 2

0 300 B
—— (b.2) Multiple similar anomaly
Ay Ay

Ay

"0 300 600 900 1200, 0 300 600 900 1200,

Figure 5: Synthetic illustration of six time series containing: (a) one
single anomaly; (b.1) two distinct anomalies; (b.2) two similar anom-
alies; (c) one single normality; and (d.1/2) two different normalities.
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4.5 Assessing Difficulty of the AD Datasets
» » w o NG W S S mS x xS
SS SS Wg fli w W ST s r T wsr S
P ® “gur Prsmss W ST S » s
» firs “gar () »
®n W Sgar (1) wsr s wma srx S ff x
s
»

=1

9 e

mwm s wm “gar () ® s W sr s
(ms p) mm s m s m |
W ST S sSwg W rm » T gar
st s ffrmm s s ®m s s
s rs £ wg mommWm S
x ®OM I SH S qu W M Sr S sm
. moawa p res(s Tgur () rsas (). ()
x » nWS S xS s ng » B
e Ffrwm mm s(s “gaxr () rxsaus( 1) =
() xrow OIS W SX S W Rmuney r
me P sm xr mwm  s(s “gaxr (1) rses( )
s s frm mwm wms s rSW X Sw
i) s x S rx fi ws

%)

(1)
&

mpr WS S wss »ur Srow W WM W

Bomop wms| ] gnr Z s fim ws r m
ST S ™ Pr®s W Sur su r o sw s s
Relative Contrast (RC) [50]: s fim s x

» » MR S W » m ®m rs

ng r s w x »ws w» S s m »
st ss; ™ s; sD(ss5) » s sS "rx
sr sx sl S ® Dpmin(x) =mwges_ D(x,5) ®» ®m =
$ ® Dmean(x) = Eses—xD(x,s) T =« mxs
R. = Eses[Dmean(s)]
Eses[Dmin(s)]
T o firs sp . sr S spx »
S ®m oW xr S W s 0w S S B W mg
P r SkSauw S . ser s spr ® xS
ng x PR orm rp ™S s sr 1
M m S ®m S S m XS ®mg r s ®
» S SX W suwm W » WS rwg s r x
Normalized clusteredness of abnormal points (NC) [36]:
s X rg S M IR SH S @ W S
rg S X SH S @M W S » S »orw
sau® SSpor W s » R wsS au W™ Sguo »
N, = Es;,s; €Snomizj [D(si,57)]
Esi,s_,- €Sanositj [D(si, sj)]
rg r » S M XRp WS x s r x
m WmX SS fi w R W »
Normalized adjacency of normal/abnormal cluster (NA):
s W sax prws wm s fim s x
R RAR S W » mE S MR R WM
us xS re s W N we nrx s R xw
%S xs » s mEX S ®m 1w us 18 Cpor W
s mx s »wm  ws ws s Cgpo »
N = P Pei€Cano.e; €Cnor D(ci, cj)
a
Eci,chC,,or,i;tj [D(Ciscj)]
sSs W W S m WM W WS ¥ s mu g r
» S WMIM P WS X WX S B XM  RNI® P WS
S gwmx srmp wm WS ¥ WSS
s 0w s uS r WSS WX S mR TR W
R ws » ®Ss » reaur W &
normw IR SH S AU W S W X WS rwg s
O » ®owrs m s s

5 EXPERIMENTAL SETTINGS

®SS » x s wgs » uwoow
1 xprsm ! s » TS T g s o
® s not us ssu w ffr W oroewr
®S X W S N wemr m s[1 4] ws
us mr W oW s ©  representative mom
gr s(s S »o)ow rmr s r
PX OIW R WS W s s o » TS
X ™S »oa m S rmrx smp s "we N
® ]pr Pr  SSWES PS ¥ w i wPKX
ProImw s TS s x ®orows
rs o w su us w o om o x
Datasets: us 1 ST SW W »TS Sp
1 M SX S rsS 1w S s U
r ss 1 r fi s s m 1 W ST S XSS
s m s s M SX SP WS r AW S™ 1™
r omIe P WS W wyp » W mw sar s
Platform: TR oWl PrMRMS W OSK X
ng wnfigar » w wm () »()S r411 (1 x
ST 1Gz1 G T sx r s ®
w r P GP m rwm owww wmu 1 4 TS(4 )



Implementation: wap WA W Xr ™ sSxrms
wp » TS nP » mow
noSSs rm ns xfl pw sl L x
puP S S W s
» S s W msr s rg/TS
Algorithms: * r » woow wms r ne
Srmg S WS S mTxs (Trs)[ '] wsra s
mxox s 0w sp sp wg W ®oS s & ox

»Ss s T s g
( S)[4] msru s s g
& » S us S W rs x » w
Prfi ( P)[11] W s s mom se s aqu W
ms sgnfi m 1 s W ("] = fis
I P TR S W WS FRE W % s P ws
ff s W mIRop e Prmop P RR W
ss® )[1pr s rowamWs W i 2Ry )
» i IR sgnfi m s wm rwm spwm W
n fi S W xS W W ()L 1w s
r W RS W nosp mor  msSTM S »
X mSTM W
moown® [ ] wm
[("] w x ns P BoWr R R oOpr WS W
s
»r » ” w
(S )[ 1fs
Parameter Settings: “ r s nErs ns x x
ns Trslw s “rs wm w s wg W
s sut e PR ow TS r s Srs WS
xs s ®wg W r wm ST » S
X S W suprx s g r ms X
»owr s 0w 1 S
AR X R
s m

=
2
2

"
=
=
)
2

©v »n
-
L]
-+ B
=1
w
=
=

s
sup xS

8 s ®S F  RX qUX WA
XX S)p WM Wgm P rS
Trxs/Trsi

X RS W Nox

s *r

=
w
=
L]
=
=
w
172]

R W s wgm swm » us s
»m g xsrx P s » s »x
rs s m us g o xx nouw »
U Iy s ® ®m X m ST aurx ng
swp [17]

w o ow s
®os wp 4 1 x ppwg
1 prm p wmp ®wms T xR s wa Ss row

gs wgs T p 1 p
x T ng ®

-
=
%)
=

&
=

S
row
rwa xS ST s uR S » »s x

(a) Measures standard  (b) Measures standard (c) Measures standard

04 deviation deviation when we ,deviation when we vary

2 : when we inject lag inject noise i normal/abnormal ratio

[ i

E

U

"'30’3

5 ' '

2

%02

< 0.

s}

k<]

%

£0.1

i<l

g

200

< Y cc==xuWwuuwoeo cc==~xuwuuwux U cc==xuuWwopo
2988® =a0 S2988® *80 298383® %80
zgic 9% Er@ic gf zEgic g

9 20 k) 20 S 20
§§’ ] <> gg ] <> gg ] x>
S
= ¢ =< e 8 < € ¢ <
a o a.

Figure 6: Over the entire benchmark, box plots illustrate the stan-
dard deviation of the accuracy measures when we vary (a) lag; (b)
noise; and (d) normal/abnormal ratio.
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6 EXPERIMENTAL RESULTS
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6.1 Evaluation of AD Accuracy Measures
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6.2 Benchmark Accuracy Evaluation
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Figure 7: Accuracy evaluation of 12 AD methods over (a) the bench-
mark. (b) depicts the accuracy evaluation on time series that contain
(b.1) single point anomaly and (b.2) multiple point anomalies. (c) de-
picts the evaluation on time series that contain (c.1) single collective
anomaly and (c.2) multiple collective anomalies.
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6.3 Use Cases: Comparisons Between Methods
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Table 3: Average AUC and F accuracy measures for the 1 public datasets. Bold values indicate the best AUC result for each dataset.
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Figure 8: (a,b) The comparison of NORMA and MP over ECG and
MGAB. NORMA outperforms MP in ECG and MP outperforms
NORMA in MGAB. (c,d) The comparisons among anomaly scores
for one ECG and one MGAB data. From top to bottom: Real data and
MP and NORMA scores. ECG contains multiple repeated collective
outliers and MGAB contains multiple normal patterns.
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Figure 10: Computation time of different algorithms on MITDB,
GHL, and Genesis dataset. Y-axis is in log10-scale. All computations
have been performed on a single process in CPU.
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Figure 11: AUC vs global transformations for each dataset based on
NORMA and IForest. x-axis indicates the strength.
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Figure 12: The variations of the average AUC relative to the strength
of transformations over all datasets.
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