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Normality is a myth; there never was, and never will be, a normal distribution.
"Testing_for normality", R.C. Geary, 1947
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http://webspace.ship.edu/pgmarr/Geo441/Readings/Geary%201947%20-%20Testing%20for%20Normality.pdf
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Justin Matejka, George Fitzmaurice (2017), "Same Stats, Different Graphs:

.o o
* o
~
5 .
{ et
» A
¢ 5
- H .
.
R
LA : Y
: t ;
s ! : 3
o | A1 8 |6
- : K
i
- ‘ -
. . [
. ? ~

Generating Datasets with Varied Appearance

and Identical Statistics through Simulated Annealing", CHI 2017 Conference

proceedings: ACM SIGCHI Conference on Human
Factors in Computing Systems


https://www.autodeskresearch.com/publications/samestats
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Justin Matejka, George Fitzmaurice (2017), "Same Stats, Different Graphs: Generating Datasets with Varied Appearance
and Identical Statistics through Simulated Annealing", CHI 2017 Conference proceedings: ACM SIGCHI Conference on Human
Factors in Computing Systems
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CamonanbHbin I0-6eH4YMapk

int N = 1000; // KonuyecTBo uTepauuii
var measurements = new long[N];
byte[] data = new byte[64 * 1024 * 1024]; // 64MB

for (int 1 = 0; i < N; i+)

{
var stopwatch = Stopwatch.StartNew();
var fileName = Path.GetTempFileName();
File.WriteAllBytes(fileName, data);
File.Delete(fileName);
stopwatch.Stop();
measurements[i] = stopwatch.ElapsedMilliseconds;
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[padnk nAOTHOCTWM pacnpepeneHus

0.06

[MnoTHOCTBL
o
o
I
1

0.02 -

0.00 -

_,jll-lllllllllll T ] | T

1000 2000 3000 4000 5000 10000 15000
Bpemsa, mc




OCHOBHble npobembl



OCHOBHble npobembl

e bosbwon pasbpoc 3HaveHumn



OCHOBHble npobembl

e bosbwon pasbpoc 3HaveHumn

e TAXenble XBOCTbl M SKCTPEMAJibHble BbIOPOCHI



OCHOBHble npobembl

e bosbwon pasbpoc 3HaveHumn
e TAXenble XBOCTbl U IKCTPEMAJibHble BbIOPOCHI

* MyAbTNUMOL4ANIBHOCTb



OCHOBHble npobembl

e bosbwon pasbpoc 3HaveHumn
e TAXesble XBOCTbl U 3KCTPEMaJibHble BblOPOCHI
* MyAbTNUMOL4ANIBHOCTb

e InckpeTn3saums



OCHOBHble npobembl

e bosbwon pasbpoc 3HaveHumn

e TAxXenble XBOCTbl M SKCTPEMAJIbHble BbiOpOCHI
* MyAbTNUMOL4ANIBHOCTb

e InckpeTmn3aumAa

* ACuMmeTpuUA
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B 3Ton cepumn

OnucaTenbHaA CTATUCTHUKA
* |l|leHTpasbHaA TeHAeHUMSA
e KBAQHTU/IbHbIE OLEHKMU
* Bapunauyuna
* [INOTHOCTb pacnpeaeneHuA
* MyAbTNUMOLANBHOCTb

e Teopnsa 3KCTPeMaJibHbiX 3HAYEHUMN

MaTemaTnyeckum aoknapg!
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sssssssss used by 12356@ downloads [14359971

BenchmarkDotNet

Ead ” Powerful .NET library for benchmarking
J Perfolizer

Performance analysis toolkit




LleHTpanbHaA TeHAeHUMA



CpefHee apupmeTnyeckoe



CpefHee apupmeTnyeckoe

$1+$2‘|“|‘$n
n

w:{xlaw27'“7xn}; z =



CpefHee apupmeTnyeckoe

1+ o2+ ...+ Ty

w:{xlaw27'“7xn}; z =

n
r=1{1,2,3,4,5,6,7}; x=14



CpefHee apupmeTnyeckoe

w1+$2‘|“|‘$n
n

r=1{1,2,3,4,5,6,7}; x=14
=4

w:{xlaw27'“7xn}; z =

x=1{1,2,3,4,5,6,273}; 2



CpefHee apupmeTnyeckoe

1 +To+ ...+ Ty
n

r=1{1,2,3,4,5,6,7}; x=14
=4

w:{xlaw%"wxn}; z =

x=1{1,2,3,4,5,6,273}; 2

CpeaHee apudMeTMyeckoe He ABsiseTCcA pobacTHbIM!



CpefHee apupmeTnyeckoe

w1+$2‘|“|‘$n
n

r=1{1,2,3,4,5,6,7}; x=14
=4

w:{xlaw%"wxn}; z =

x=1{1,2,3,4,5,6,273}; 2
CpeaHee apudmeTnyeckoe He ABaAeTCA pobaCTHbIM!

MoxeT nonpobyem meamaHy?



CpefHee apupMeTMyeckoe VS. Me[AnaHa
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YceyéHHoe M BMH30pU30BAHHOE cCpejHee

x = {x1,%9, L3, T4, X5, L6, L7, L3}, L5 < Tit1

YceuéHHOe cpepHee:

Ltrimmed = {333, L4,L5, w6}

X3+ x4+ T5+ T
Lirimmed = 4

BMH30pM30BaHHOE cCpepHee:

Lwinsorized = {333, L3y L3, L4, L5, LGy LE, wﬁ}

T3 + T3+ T3+ Ty + 5 + g + Tg + Tg

Lwinsorized — 8
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BoibpacbiBaem BblOpOCHI

Go gle Kak HaiiTut BLIGPOCHI? X (@ Q

Wcnonb3ynTe rpaHupbl Thloku:

[Qo25—k - IQR, Qo.75+k - IQR]

EcTb n agpyrue cnocobol:

TABLE 1. The different categories covered by our survey and other related survey.

Paper & Year 2 314 |5 6 7 8 [9 |10 [ 11 [12 |13
Barnett et al. [39] 1994
Hodge et al. [5] 2004
Wallfish et al. [40] 2006
Patcha et al. [41] 2007
Chandola et al. [22] 2009
Hadi et al. [29] 2009
Gogoi et al. [33] 2011
Zhang [26] 2013

Gupta et al. [31]2014
Akoglu et al. [34] 2014 X X
Ranshous et al. [23] 2015 X
Aggarwal [28] 2016 X
Kwon et al. [30] 2017
Chalapathy et al. [32] 2019
Ours X | X XX X X XXX X X X
1. Statistics-based 2. Distance-based 3. Density-based 4. Clustering-Based 5. Ensemble-Based 6. Learning-Based 7. Graph-
based 8. Network 9. Data Streams 10. Tools 11. Datasets 12. Applications 13. References later than 2016.
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Wang, Hongzhi, Mohamed Jaward Bah, and Mohamed Hammad.
"Progress in outlier detection techniques: A survey." Ieee Access 7 (2019): 107964-108000.



https://ieeexplore.ieee.org/abstract/document/8786096

BaxXHOCTb BblbpoCOB

The discovery of the ozone hole was announced in 1985 by a British team
working on the ground with “conventional” instruments and examining its
observations in detail. Only later, after reexamining the data
transmitted by the TOMS instrument on NASA’s Nimbus 7 satellite, was it
found that the hole had been forming for several years. Why had nobody
noticed i1t? The reason was simple: the systems processing the TOMS data,
designed in accordance with predictions derived from models, which in
turn were established on the basis of what was thought to be
“reasonable”, had rejected the very (“excessively”) low values observed
above the Antarctic during the Southern spring. As far as the program was
concerned, there must have been an operating defect in the instrument.

--- R. Kandel, Our Changing Climate (1991)
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OueHka Xoaxeca-JleMaHHa

HL =median| ——2
i<j 2

Hodges Jr, Joseph L., and Erich L. Lehmann. "Estimates of location based on rank tests." The Annals of Mathematical
Statistics (1963): 598-611.



https://doi.org/10.1214/aoms/1177704172
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CpaBHeHue

CpeaHee |MeanaHa | Xoaxec-JleMaHH
[ayccoBa 3¢$peKTMBHOCTb 100% 64% 96%
Toyka nepesoma 0% 50% 29%
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HYXHO NMOAYMAaTb
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33 / 128 KBAHTU/IbHblE OLEHKMU < p
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KBaHTWAM pacnpeaeneHna n KBAHTWAMN BblOOpPKMU

BbibopKka M3 HOPMA/NIbHOrO pacrnpeaeseHuns:

z = {—1.37,-0.19,0.14,0.16, 0.26, 0.39, 0.46, 0.74, 0.89}

Boibopka |Pacnpegenenue
Qo.00|—1.37 |—o0
(Qo.25(0.14 —0.67
(0.500.26 0.00

Qo.75 |0.46 0.67
(21.00|0.89 +o00
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Knaccnpmkauma XuHamaHa-0daHa

Tvn | h YpaBHeHue

1 |Np+1/2 TTh—1/2]

2 |Np+1/2 (Trh-1/21FT[hs1/21)/2

3 |Np T|p]

4 |Np T\n)+(h— Lh])(@[a)—z|h))
5 |[Np+1/2 T\n+(h— |h])(@[a)-z|h))
6 |[(N+1)p T\n)+(h— Lh])(@[a) -z |h))
7 [((N—1)p+1 T\ +(h— [h])(@[h—2|h))
8 |(N+1/3)p+1/3|zn+(h— |h])(@[a)-z|n))
9 |(N+1/4)p+3/8|xn+(h— Lh])(@[a)-z|n))

Hyndman, R. J. and Fan, Y. 1996. Sample quantiles in statistical packages, American Statistician 50, 361-365.



https://doi.org/10.2307/2684934

KBaHTU/AbHAA oueHKa Xappena-/laBuca

Harrell, F.E. and Davis, C.E., 1982. A new distribution-free quantile estimator. Biometrika, 69(3), pp.635-640.



https://dx.doi.org/10.1093/biomet/69.3.635

KBaHTU/AbHAA oueHKa Xappena-/laBuca

Qup(p) = Z Wiz
izl

Harrell, F.E. and Davis, C.E., 1982. A new distribution-free quantile estimator. Biometrika, 69(3), pp.635-640.



https://dx.doi.org/10.1093/biomet/69.3.635

KBaHTU/AbHAA oueHKa Xappena-/laBuca

Qup(p) = Z Wiz
izl

W= Iz'/n(aa b) - I(i—l)/n(aa b)

a=p(n+1), b=(1-p)(n+1)

Harrell, F.E. and Davis, C.E., 1982. A new distribution-free quantile estimator. Biometrika, 69(3), pp.635-640.



https://dx.doi.org/10.1093/biomet/69.3.635

KBaHTU/AbHAA oueHKa Xappena-/laBuca

Qup(p) = Z Wiz
izl

W= Iz'/n(aa b) - I(i—l)/n(aa b)

a=p(n+1), b=(1-p)(n+1)

Beta(2.4,3.6),n=5,p=0.4

[noTHoCTb
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Harrell, F.E. and Davis, C.E., 1982. A new distribution-free quantile estimator. Biometrika, 69(3), pp.635-640.



https://dx.doi.org/10.1093/biomet/69.3.635

JPPEeKTMBHOCTb KBAHTWIbHOW OLEHKM Xappesa-[laBuca
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Beta(2,2) Beta(3,3) Beta(4,4) Beta(5,5)
3-
2-
[ A °
:M- _ A-"’;';. :"‘D—A AA-M"V‘.. ;«f‘... M,. M Py
1- ............................................................................................................................
20
§ u(o,1) N(0,1) DE(0,1) Cauchy(0,1)
Q3.
=
g
&
2-
g N oy
[ [ ] [ ] ae 8 P Y
L e oot LA TN B F -
5 " -V
g
g%
= T(2) T(3) T(4) T(5)
O ;54
2-
........ RRRy O i PR P g
ik NV N

100 000 025 050 075  1.00000 025 050 075  1.00
KBaHTUnmn

Andrey Akinshin (2022) Trimmed Harrell-Davis quantile estimator based on the highest density interval of the given
width, Communications in Statistics - Simulation and Computation



https://www.tandfonline.com/doi/abs/10.1080/03610918.2022.2050396
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floBepuTenibHble MHTepBasbl Maputy-AX3ppaT

k-bl MOMEHT:

C%=I§3W%ﬂ%>
1=1

KBaHTMNAbHAA oueHKa Xappena-[aBuca:

Qup(p) = C1

OueHKa AoOBEepUTENIbHOIO MHTepBana Maputu-[x3ppaT:

smi(P) = 4/ Cy—Cf

Maritz, J. S., and R. G. Jarrett. 1978. “A Note on Estimating the Variance of the Sample Median.”
Journal of the American Statistical Association 73 (361): 194-196.



https://doi.org/10.1080/01621459.1978.10480027
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Andrey Akinshin (2022) Trimmed Harrell-Davis quantile estimator based on the highest density interval of the given
width, Communications in Statistics - Simulation and Computation



https://www.tandfonline.com/doi/abs/10.1080/03610918.2022.2050396

KBaHTW/IbHAA oueHka CpakmaHakuca-BuprmHuca

Sfakianakis, Michael E., and Dimitris G. Verginis. “A new family of nonparametric quantile estimators.” Communications
in Statistics-Simulation and Computatione 37, no. 2 (2008): 337-345.
See also: https://aakinshin.net/posts/sfakianakis-verginis-quantile-estimator/



https://aakinshin.net/posts/sfakianakis-verginis-quantile-estimator/

KBaHTWU/NbHAaA oueHka HaBpy3a-03aemmpa

NO,= ((329 —1)X1)+(2 - 3p)X2)— (1 - P)X(s))Bo+
+ 3 (L= p)Bi1+pBi) Xy +
T ( - pX(n—2)‘|‘(3p - 1)X(n—1)+(2 — 3p)X(n))Bn

Navruz, Gézde, and A. Firat Ozdemir. "A new quantile estimator with weights based on a subsampling approach." British
Journal of Mathematical and Statistical Psychology 73, no. 3 (2020): 506-521.
See also: https://aakinshin.net/posts/navruz-ozdemir-quantile-estimator/



https://doi.org/10.1111/bmsp.12198
https://aakinshin.net/posts/navruz-ozdemir-quantile-estimator/
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B3BeweHHble BbIOOPKMU

x={x1,%2,...,%n}
w = {wy,ws, ..., Wy}
JKCMOHEeHUMAIbHbIN 3AKOH:

w;= o™t



B3BeweHHble BbIOOPKMU

x={x1,%2,...,%n}
w = {wy,ws, ..., Wy}

JKCMOHEeHUMAIbHbIN 3AKOH:

w;= o™

O6bwnin Bug | Mpumep
W, ol 1
Wn—1 al 0.5
W9 a? 0.25
Wp—3 a’ 0.125
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B3BeweHHble BbIOOPKMU

JKCNOHEHUMANIbHOE CrJIaXuBaHMe cpepHero apudMeTMyYecKoro

st= axi+(1 — a)s;—1

https://aakinshin.net/posts/quantile-exponential-smoothing/



https://aakinshin.net/posts/quantile-exponential-smoothing/

B3BeweHHble BbIOOPKMU

3KCNOHEHUNANbHOE CrIaXMBaHWe CpPeAHero apndMeTMHecKoro
st= axi+(1 — a)s;—1

B3BeweHHaA KBAHTWU/bHAA oOleHKa Xappena-/laBuca

QHD: Z sz(z)7 W= In(aa b) R Ilz'(a’7 b)
=1

8i—1 CH
l;= , Ti=—, 8=witwyt+...+ w;
Sn Sn

https://aakinshin.net/posts/quantile-exponential-smoothing/

https://aakinshin.net/posts/weighted-quantiles/
https://aakinshin.net/posts/weighted-quantiles-ci/



https://aakinshin.net/posts/quantile-exponential-smoothing/
https://aakinshin.net/posts/weighted-quantiles/
https://aakinshin.net/posts/weighted-quantiles-ci/
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Pa3zgenénHole kKyun (Partitioning heaps)




PasgenénHole kKyun (Partitioning heaps)

Hardle, W., and William Steiger. “Algorithm AS 296: Optimal median smoothing.” Journal of the Royal Statistical
Society. Series C (Applied Statistics) 44, no. 2 (1995): 258-264.
See also: https://aakinshin.net/posts/partitioning-heaps-quantile-estimator2/



https://doi.org/10.2307/2986349
https://aakinshin.net/posts/partitioning-heaps-quantile-estimator2/

KBaHTU/IbHAA oueHka P2



KBaHTU/IbHAA oueHka P2

°* go: MnHMMYM

°* q1: (p/2)-bn KBaHTU/b

° Q2: pP-bln KBAHTWIb

e q3: ((1+p)/2)-biit KBaAHTUAb

* g4: Makcumym

Jain, Raj, and Imrich Chlamtac. "The P2 algorithm for dynamic calculation of quantiles and histograms without storing
observations." Communications of the ACM 28, no. 10 (1985): 1076-1085
See also: https://aakinshin.net/posts/p2-quantile-estimator/



https://doi.org/10.1145/4372.4378
https://aakinshin.net/posts/p2-quantile-estimator/

KBaHTU/IbHAA oueHka P2

HopmanbHoe pacnpegeneHue
0.59

0.0+

OueHka
—— Actual
—— HarrellDavis

— P2

3HayeHne

Type7
-0.5+ yp

-1.04

0 100 200 300
Hpekc
Jain, Raj, and Imrich Chlamtac. "The P2 algorithm for dynamic calculation of quantiles and histograms without storing

observations." Communications of the ACM 28, no. 10 (1985): 1076-1085
See also: https://aakinshin.net/posts/p2-quantile-estimator/



https://doi.org/10.1145/4372.4378
https://aakinshin.net/posts/p2-quantile-estimator/
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https://aakinshin.net/posts/mp2-quantile-estimator/
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t-digest



t-digest

H tdunning / t-digest ' Public ¥ Fork 219 v star 17k~

e has smaller summaries when serialized
e works on double precision floating point as well as integers.

e provides part per million accuracy for extreme quantiles and typically <1000 ppm accuracy for
middle quantiles

e is very fast (~ 140 ns per add)

e is very simple (~ 5000 lines of code total, <1000 for the most advanced implementation alone)
e has a reference implementation that has > 90% test coverage

e can be used with map-reduce very easily because digests can be merged

e requires no dynamic allocation after initial creation ( MergingDigest only)

e has no runtime dependencies

https://github.com/tdunning/t-digest



https://github.com/tdunning/t-digest
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MeanaHHoe abconwTtHoe oTkaoHeHne (MAD)

MAD = Cn-median(|a:i — median(w)|)



MeanaHHoe abconwTtHoe oTkaoHeHne (MAD)

MAD = Cn-median(|a:i — median(w)|)

MnoTtHocTb pacnpegeneHus Mambena

M (MegnaHa)
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https://aakinshin.net/posts/gumbel-mad/


https://aakinshin.net/posts/gumbel-mad/

MeanaHHoe abconwTtHoe oTkaoHeHne (MAD)

MAD = Cn-median(|a:i — median(w)|)



MeanaHHoe abconwTtHoe oTkaoHeHne (MAD)

MAD = Cn-median(|a:i — median(w)|)

1
Coo= ~ 1.4826022185056
3/4)



MeanaHHoe abconwTtHoe oTkaoHeHne (MAD)

MAD = Cn-median(|a:i — median(m)|)

Co= 1 ~ 1.4826022185056

1(3/4)

n |C, (HF7)|C, (HD)
2 |1.77215 |1.77215
3 [2.20490 |1.56816
4 |2.01667 |1.59589
5 [1.80392 |[1.56611
6 |1.76378 |1.56656

Andrey Akinshin (2022) “Finite-sample bias-correction factors for the median absolute deviation based on the Harrell-
Davis quantile estimator and its trimmed modification,” arXiv:2207.12005



https://arxiv.org/abs/2207.12005
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// HenpepbiBHble pacnpeneneHus
x = { 2174, 1984, 2746, 1596, 1874, 2812, 2245,... } ms
y = { 1874, 2207, 1984, 1729, 2301, 1781, 2022,... } ms



HenpepbiBHble N AUCKPETHble pacnpeaeneHus

// HenpepbiBHble pacnpeneneHus
x = { 2174, 1984, 2746, 1596, 1874, 2812, 2245,... } ms
y = { 1874, 2207, 1984, 1729, 2301, 1781, 2022,... } ms

// DnckpeTHble pacnpeneneHns
y=1{6,6,6 66666 6, 6, 6%ms
z=4{6,7,7,6,6,6,7,6,6 7,7%ms
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MeanaHHoe abCcoNNTHOE OTKJIOHEHME OKONO MeJMaHbI:

MAD(m) = Cnmedla,n(|wz — med1an(a:)|)
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MeanaHHoe abCONWTHOE OTKJIOHEHME OKOJIO MEAUaHbI:
MAD(z) = Cn-median(|a:,- - median(a:)|>
KBaHTuNbHOE ab6CONNTHOE OTKJIOHEHUE OKOJIO MEeAUaHbI:

QAD(2,p) = Cy-Q(J2; — median(a)|, p)



KBaHTUNbHOe abconwTHoe oTkaoHeHne (QAD)

MeanaHHoe abCONWTHOE OTKJIOHEHME OKOJIO MEAUaHbI:
MAD(z) = Cn-median(|a:,- - median(a:)|)
KBaHTuNbHOE ab6CONNTHOE OTKJIOHEHUE OKOJIO MEeAUaHbI:

QAD(2,p) = Cy-Q(J2; — median(a)|, p)

OueHka p

MAD|0.50

Standard QAD (SQAD)|0.68
Optimal QAD (OQAD)|0.86

Andrey Akinshin (2022) “Quantile absolute deviation,” arXiv:2208.13459


https://arxiv.org/abs/2208.13459

KBaHTUNbHOe abconwTHoe oTkaoHeHne (QAD)

MeanaHHoe abCONWTHOE OTKJIOHEHME OKOJIO MEAUaHbI:
MAD(z) = Cn-median(|a:,- - median(a:)|)
KBaHTuNbHOE ab6CONNTHOE OTKJIOHEHUE OKOJIO MEeAUaHbI:

QAD(2,p) = Cy-Q(J2; — median(a)|, p)

OuyeHka p | Touka nepenoma

MAD |0.50 50%

Sandard QAD (SQAD) |0.68 32%
Optimal QAD (OQAD)|0.86 14%

Andrey Akinshin (2022) “Quantile absolute deviation,” arXiv:2208.13459



https://arxiv.org/abs/2208.13459

KBaHTUNbHOe abconwTHoe oTkaoHeHne (QAD)

MeanaHHoe abCcoNNTHOE OTKJIOHEHME OKONO MeJMaHbI:

MAD(m) = Cnmedla,n(|$z — med1an(a:)|)

KBaHTuMAbHOE ab6CONMWTHOE OTKJIOHEHWE OKOJIO MEAWMAHbI:

QAD(2,p) = Cy-Q(J2; — median(a)|, p)

OueHka p | Touka nepenoma|lfayccoBa 3¢PeKTUBHOCTb

MAD (0. 50 50% 37%

Sandard QAD (SQAD) |0.68 32% 54%
Optimal QAD (OQAD) |0.86 14% 65%

Andrey Akinshin (2022) “Quantile absolute deviation,” arXiv:2208.13459



https://arxiv.org/abs/2208.13459
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[i[poyne oueHKW CTAHAAPTHONo0 OTKJIOHEHMA

OueHka Llamoca

Shamos = Cp-median(|z; — zj|i<j); Coo~ 1.048358

Shamos, M. I. "Geometry and statistics: Problems at the interface. V: JF Traub (Ed.): Algorithms and complexity: New
directions and recent results." (1976).



[lpoyne OoueHKW CTAHAAPTHOro OTKJIOHEeHuAd

OueHka Llamoca

Shamos = Cp-median(|z; — zj|i<j); Coo~ 1.048358
OuyeHka Pycco-Kpykca
S,= C,,-median; (medianj(|wi — wj|)); Cy~ 1.1926

Qn= Cr-Q(|T;—x;]i<;, 0.25); Coo= 2.2191

Shamos, M. I. "Geometry and statistics: Problems at the interface. V: JF Traub (Ed.): Algorithms and complexity: New
directions and recent results." (1976).

Rousseeuw, P., and C. Croux. 1993. Alternatives to the median absolute deviation. Journal of the American Statistical
Association 88 (424):1273-83. doi:10.2307/2291267.



https://doi.org/10.2307/2291267

CpaBHEHME ACUMMNTOTUYECKUX OLEHOK CTAaHAAPTHbIX OTKJIOHEHWUM




CpaBHEHME ACUMMNTOTUYECKUX OLEHOK CTAaHAAPTHbIX OTKJIOHEHWUM

SD|MAD | SQAD |0QAD |Shamos | S, | Q,,
[ayccoBa >¢ppekTMBHOCTL|100%|37%| 54%| 65% 86%|58% | 82%
Touka nepenoma| 0%|50%| 32%| 14% 29%|50%|50%




CpaBHEHNE ACUMNTOTUYECKUX OLEHOK CTAHAAPTHbIX OTKJIOHEHUM

SD|MAD | SQAD |0QAD |Shamos | S, | Q,,
[ayccoBa >¢ppekTMBHOCTL|100%|37%| 54%| 65% 86%|58% | 82%
Touka nepenoma| 0%|50%| 32%| 14% 29%|50%|50%
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dnepHaa oueHka naoTHocTn (KDE)
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dnepHaa oueHka naoTHocTn (KDE)
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dnepHaa oueHka naoTHocTn (KDE)
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AnepHaa oueHka naotHocTtu (KDE)
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dnepHaa oueHka naoTHocTn (KDE)

CunbHoe crnaxusaHve XKenaewmbin pesynerar Cnaboe crnaxuvBaHve

|

0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70 0O 10 20 30 40 50 60 70
X X X

https://aakinshin.net/posts/kde-bw/



https://aakinshin.net/posts/kde-bw/

dnepHaa oueHka naoTHocTn (KDE)

Silverman Scott Biased cross-validation
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dnepHaa oueHka naoTHocTn (KDE)
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KBaHTUAbHAA oueHka nioTHocTu (QRDE)
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KBaHTUAbHAA oueHka nioTHocTu (QRDE)
Classic histogram
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KBaHTUAbHAA oueHka nioTHocTu (QRDE)
Classic histogram
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NoBTOopAwwMeca 3eMeHTbl (AUCKpeTHble BbIOOpPKK)
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Ynydywaem KDE/QRDE c nomoubl AXUTTEPUHIA
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Lowland multimodality detection




Lowland multimodality detection
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Lowland multimodality detection
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Lowland multimodality detection
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Lowland multimodality detection
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YpoBeHb HaBogHeHu B CaHkT-Ietepbypre (1703-2011)
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NcToyHnk paHHbix: http://www.nevariver.ru/flood_list.php
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PacnpegeneHne ypoBHEW HABOAHEHWU

YpoBeHb HaBogHeHu B CaHkT-Ietepbypre (1703-2011)
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¢ Block Maxima approach:

@]

The package climextRemes provides functions for fitting GEV via point process fitting for extremes in climate data, providing return values, return
probabilities, and return periods for stationary and nonstationary models.

The package evd provides functions for a wide range of univariate distributions. Modelling function allow estimation of parameters for standard
univariate extreme value methods.

The package evir performs modelling of univariate GEV distributions by maximum likelihood fitting.

The package extRemes provides EVDs univariate estimation for block maxima model approache by MLE. It also incorporates a non-stationarity
through the parameters of the EVDs and L-moments estimation for the stationary case for the GEV distributions. Finally, it has also Bayes estimation
capabilities. A separate package in2extRemes provides some GUI interfaces to extRemes.

The package extremeStat includes functions to fit multiple GEV distributions types available in the package Imomco using linear moments to
estimate the parameters.

The package fExtremes provides univariate data processing and modelling. It includes clustering, block maxima identification and exploratory
analysis. The estimation of stationary models for the GEV is provided by maximum likelihood and probability weighted moments.

The package ismev provides a collection of three functions to fit the GEV (diagnostic plot, MLE, likelihood profile) and follows the book of Coles
(2001).

The package Imom has functions to fit probability distributions from GEV distributions to data using the low-order L-moments.

The package ImomRFA extends package Imom and implements all the major components for regional frequency analysis using L-moments.

The package QRM provides a function to fit GEV

in Quantitative Risk Management perspective.

The package Renext provides various functions to fit the GEV distribution using an aggregated marked POT process.

https://cran.r-project.org/web/views/ExtremeValue.html
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¢ Peak-Over-Threshold by GPD approach:

o ©C O O 0O

o O © O O

(@]

The package ercv provides a methodology to fit a generalized Pareto distribution, together with an automatic threshold selection algorithm.

The package eva provides Goodness-of-fit tests for selection of r in the r-largest order statistics and threshold selection.

The package evd includes univariate estimation for GPD approach by MLE.

The package evir performs modelling of univariate GPD by maximum likelihood fitting.

The package extRemes provides EVDs univariate estimation for GPD approach by MLE. A non-stationarity through the parameters of the EVDs and
L-moments estimation for the stationnary case for the GPD distributions is also included.

The package extremeStat includes functions to fit multiple GPD distributions types available in the package lmomco using linear moments to
estimate the parameters.

The package fExtremes includes the estimation of stationary models for the GPD by maximum likelihood and probability weighted moments.

The package ismev provides a collection of three functions to fit the GPD (diagnostic plot, MLE over a range of thresholds, likelihood profile) and
follows the book of Coles (2001).

The package Imom includes functions to fit probability distributions from GPD to data using the low-order L-moments.

The package ImomRFA extends package lmom and implements all the major components for regional frequency analysis using L-moments.

The package mev provides functions to simulate data from GPD and multiple method to estimate the parameters (optimization, MLE, Bayesian
methods and the method used in the ismev package).

The package POT provides multiple estimators of the GPD parameters (MLE, L-Moments, method of median, minimum density power divergence).
L-moments diagrams and from the properties of a non-homogeneous Poisson process techniques are provided for the selection of the threshold.
The package QRM provides functions to fit and graphically assess the fit of the GPD.

The package Relns provides a function to fit the GPD distribution as well as the extended Pareto distribution.

The package Renext provides various functions to fit and assess the GPD distribution using an aggregated marked POT process.

The package SpatialExtremes provides a function to fit the GPD distribution.

The package SpatialExtremes provides different approaches for fitting/selecting the threshold in generalized Pareto distributions. Most of them are
based on minimizing the AMSE-criterion or at least by reducing the bias of the assumed GPD-model.

The package texmex fit GPD models by using maximum (optionally penalised-)likelihood, or Bayesian estimation, and both classes of models may
be fitted with covariates in any/all model parameters.

https://cran.r-project.org/web/views/ExtremeValue.html
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POT (Peak Over Threshold)

tcplot(data, u.range, cmax = FALSE, r = 1
ulow = -Inf, rlow = 1, nt = 25, which = 1:npar, conf = 0.95,
1ty = 1, 1lwd = 1, type = "b", cilty = 1, ask = nb.fig <
length(which) && dev.interactive(), ...)

mrlplot(data, u.range, main, xlab, ylab,
nt = max(100, length(data)), 1ty = rep(1,3),
col = c('grey', 'black', 'grey'), conf = 0.95, lwd = c(1, 1.5, 1), ...)

Imomplot(data, u.range, nt = max(5@8, length(data)), identify = TRUE, ...)
exiplot(data, u.range, tim.cond = 1, n.u = 58, xlab, ylab, ...)

diplot(data, u.range, main, xlab, ylab, nt = max(200, nrow(data)), conf=8.95, ...)

https://cran.r-project.org/web/packages/POT/index.html
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Annpokcummpyem obobuéHHoe pacnpeneneHue

POT (Peak Over Threshold)

Fit the GP Distribution
Fitting a GPD to Peaks Over a Threshold

Description

Maximum (Penalized) Likelihood, Unbiased Probability Weighted Moments,Biased Probability
Weighted Moments, Moments, Pickands’, Minimum Density Power Divergence, Medians, Like-
lihood Moment and Maximum Goodness-of-Fit Estimators to fit Peaks Over a Threshold to a GP

distribution.
Usage
fitgpd(data, threshold, est = "mle”, ...)
Arguments
data A numeric vector.
threshold A numeric value giving the threshold for the GPD. The 'mle' estimator allows
varying threshold; so that threshold could be for this case a numeric vector. Be
careful, varying thresholds are used cyclically if length doesn’t match with data.
est A string giving the names of the estimator. [t can be 'mle’ (the default), 'mple’,

‘moments’, 'pwmu', 'pwmb', 'mdpd', 'med', 'pickands’'. 'lme' and 'mgf’
for the maximum likelihood, maximum penalized likelihood, moments, unbi-
ased probability weighted moments, biased probability weigthed moments, min-
imum density power divergence, medians, Pickands’, likelihood moment and
maximum goodness-of-fit estimators respectively.

Other optional arguments to be passed to the optim function, allow hand fixed
parameters (only for the mle, mple and mgf estimators) or passed several options
to specific estimators - see the Note section.

https://cran.r-project.org/web/packages/POT/index.html
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PeweHus

e HenapameTpnyeckaa CTATUCTUKA
e PobacTHaA CTATMCTMKA

* [loggepxka MyJibTUMOAQJIBHOCTMU
e [logaepxka AUCKpeTM3auumn

e DOKYC HA KOHEYHbIX BbIOOpPKAX

\?Perfolizer

Performance analysis toolkit
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