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HeHaarnepnaHo yyerbe — Knactepusalmja noaaTtaka

DBSCAN

YonwTteHo rosopehu, cBe metoae Knactepusaumje KOpUCTe UCTU NPUCTYN, Tj. NPBO ce
M3payyHaBa CAMYHOCT/pasnnumntocT Mamehy objekaTta, a 3aTMM Ce Te BPeAHOCTM KopucTe 3a
rpynucarbe Tadaka y rpyne (Knactepe). Osae hemo ce ¢okycMpaT Ha meTody NPOCTOPHE
KnacTepusalmje 3aCHOBaHOj Ha N'YCTUHM ca NpMMeHaMa Hag nogauuma ca wymom (DBSCAN).

DBSCAN anroputam (ckpaheHuua ogn Density-Based Spatial Clustering of Application with
Noise) npeacTaB/ba KNacTepoBakbe 3aCHOBAHO Ha NYCTMHW, OAHOCHO, Ha NPeno3HaBaky PerMoHa
BMCOKe TycTUHe Koju cy mefhycobHO pasaBojeHn permoHMma HUCKe rycTuHe. MyCcTMHA ce y 0BOM
cnyyajy geduHuwe kao 6poj Tayaka yHytap oapeheHor nonynpeyHuka (Eps). OHo wrto je
nocebHo A06pPO y BE3X OBOTr a/IFOPUTMA je YNHEHULLA Aa aNropUTamMm HUje orpaHnvyeH ob6amMKom
FYCTUHCKUX KnacTtepa.

Anroputam Kao yna3 3axTeBa ABa MapameTpa — pacTojakwe Eps n mmHumanaH 6poj Tayaka
MinPts (u).

Knacudukauumja Tauaka y ogHOCY Ha r'yCTUHY

MHcTaHue mory 6utu:

(1) Taukay jesrpy (engl. core point)
Tauka A je ,TauKka y je3rpy” ako ce yHyTap weHe Eps oKonvHe Hanasu bap y Tayaka
(ykmpyuyjyhu n camy Tauky Koja ce mocmatpa). Y nutamy cy Tauyke YHyTap KaacTepa.

(2) Tauka Ha rpaHuuum (engl. border point)

Tauka A je ,,Tauka Ha rpaHMLM“ aKo MMa Matbe OZ, U TayaKa yHyTap cBoje Eps OKo/vHe,
anu je cycepHa ca ,,Ta4KOM Y je3rpy”, Tj. OHa cama ce Hanasu y Eps oKoNMHM HeKe Tauke

y jesrpy.
(3) wym (engl. noise point).
TauyKa A je wym ako HMje HU TauyKa y je3rpy HM Tayka Ha rpaHuLm.

NnycTtpaumja kKnacudumKkaumje Tavaka y CKyny je gata Ha |‘\v(.\.)| = 7
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Cnuka 2. Tpu BpcTe Tayaka ca Kojuma onepuuwe anroputam DBSCAN (3a BpeaHocT minPts = 4):
LpBEHUM KpyrKMhMa 03HaueHe Cy TayKe je3rpa, XXYTUM rPpaHUYHe TaukKe, a N1aBUM TauKe Koje YMHE LyM.

Anroputam:

Ynas: Nogaum n3 TpeHunHr ckyna Train, pactojarbe Eps n minPts.
M3nas: AncjyHKTHU Henpa3Hu nogckynosu Cq, Cy, ..., Cp
Kopauu:

1. ®opmupaj ckyn C cBMX Tayaka Koje y cB0ojoj Eps oKonuHu nmajy 6ap minPts Tayaka (core
points).

2. dopmupaj ckyn B cBux Tadaka u3 Train\C Koje y cBojoj Eps okonvHu umajy 6ap jeaHy
Tauky 13 C (border points).

3. ®opmupajrpad G unju cy usoposum u3 C U B, a rpaHa noctoju namehy cBake ABe Tauyke
Koje Cy Ha pacTojary Hajsuwe Eps.

4. BpaTu KOMMOHEHTe NnoBe3aHOCTU rpada G Kao pelleme.

HanomeHa: YKO/IMKO HEKa TauKa Ha rPaHMLM MOXKe Aa ce npuapy*Ku sehem 6pojy Tauaka y
jesrpy, oHAa 6Mpamo HaCyMMUYHO KOjoj TauKK y jesrpy ce Npuapy»Kyje Ta Tauyka Ha rpaHuum.

AHumaumja: https://www.kdnuggets.com/2020/04/dbscan-clustering-algorithm-machine-
learning.html
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Ha cavum 3 gat je npumep nsspliasakba aaroputma DBSCAN.

DBSCAN

Cnuka 4. lpumep usspwasarba anzopumma DBSCAN, npumep 2. leBo cy NpMKasaHe OPUTUHANHE TauKe, Y CPeaNHU
KnacuduKaumja MHCTaHLM, @ AeCHO Npeno3HaTh Knactepu. Mapametpun anroputma cy Eps = 10 u MinPts = 4.V
CpeavHM BUAMMO KnacudbuKaumje Tayaka 1 TO: 3e/1IEHOM Cy O3HAYeHe TayKe Y jesrpy, N1aBoM TauyKe Ha FPaHuum 1
LpBEHOM LWYM. Ha cAvLmM AEeCHO cy Pa3sIMuUTL KNacTepu NPUKasaHn pasandntum bojama.

KapakTtepucrtuke anropurma

MpeAHOCT aAropMTMa je cBakako moryhHOCT npeno3HaBakba Knactepa pasiMuntux obamka un
BE/IMYMHA, Kao U OTNOPHOCT Ha Wwym. Kada anzopumam nowe paou?

Mpobnem ce jaB/ba y CUTyauujama Kaga Cy KnacTepu pasiMunMTux ryctuHa. Taga ce ogabmpom
Pas3ANUUTUX NapameTapa Eps un minPts mory norogHo yxBaTUTW KNacTepu jeaHe ryCTMHE, afiv He
M KNacTepu ApYyrux rycTuHa, a Takohe u Aa y o4HOCy Ha jegaH Knactep Koju je BPJio MyCT HEeKM
ApYyrv Knactep (Koju je peaak) moxKe M3rneaaTu Kao Wym.
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Cnuka 5. Pe3yntatu anroputma Koju HUCY 3ag0BosbaBajyhu.

Oppehusare BpegHocT Eps u MinPts

MaKo He NOCTOju KOHKpEeTaH M npeumsaH meTog, 3a ogpehrBarbe oBMX NapameTapa, MOXKe ce
NPUMEHUTU jeHa eKCnepMMeHTaIHa TeXHUKA. Ha canum 6 npukasaH je ckyn nogaTaka (neso) u
rpaduk pactojarba A0 k-Tor Hajonuxker cycena (KOHKpeTHo, 3a k = 4) (gecHo). OueKkyjemo aa
TauKe y je3rpy umajy 4eTBpTOr HajbnKer cyceaa penaTuBHo 61M3y, a Tauke Koje NpeacTaB/bajy
LYM MMajy 4eTBPTOr HajbnMIKer cyceaa Aaneko. AKO AaTy CKYN TayaKka COPTUPAMO MO pacTojakby
of, 4eTBpTOr HajbanXKer cyceaa, oHAa MOXKEMO A06MTM rpaduK NPUKas3aH Ha A4aToj CAULM AECHO.
MpumeTmo Aa ce Ha oko 2800-Toj TauKM jaB/ba CKOK Y pacTojakby 0 YETBPTOr HajoAnKer cyceaa.
Moemo pehu aa cy cBe Tayke HaKOH Te Tauyke (y copTMpaHor Hu3y) wym, na bGupamo Aa
noctasMmo BpeaHocT 3a Eps oko BpegHoctu 10.
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Cnuka 6. Ckyn nogataka (neso) u rpaduk k-pactojarba 3a AaTW CKyn nojaTtaka (aecHo) 3a oapehuBarbe
BpeaHoctn Eps n minPts.
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DBSCAN OEMO:

https://scikit-learn.org/stable/auto _examples/cluster/plot dbscan.html#sphx-glr-auto-examples-

cluster-plot-dbscan-py

Jlutepartypa:

DBSCAN paper: https://www.aaai.org/Papers/KDD/1996/KDD96-037.pdf
https://www.kdnuggets.com/2020/04/dbscan-clustering-algorithm-machine-learning.html
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OPTICS anroputam

Ordering points to identify the clustering structure (OPTICS) je anropuTam 3a Tparkeme
K/flacTepa Ha OCHOBY ryCTWMHE y NpocTopHMm nogaumma. OCHOBHA maeja je CAMYHA Kao Kog
anroputma DBSCAN, anu ce oBaj anroputam 6asBu jeaHMm og rnaBHux Hepgoctataka DBSCAN
aNropuTMa: AEeTEKTOBAHEM KaacTepa Y Nogaumma Koju MMajy PasanduTy ryctmHy.

MHTEepecaHTHO je Ha MO4YeTKY BUAETM HA KOjU HauWH ce gedUHULE TYCTUHCKU KnacTep.
HapeaHe canKke cy CKPUHCXOTOBM M3 06jaB/bEHOr paja:

p density-reachable from q

p and q density-connected

to each other by o

Figure 2. Density-reachability and connectivity

introduced in the following. For a detailed presentation see
[EKSX 96].

Definition 1: (directly density-reachable)
Object p is directly densitv-reachable from object g wrt. €
and MinPts in a set of objects D if
1) p € Ne(q) (Ng(q) is the subset of D contained in the
g-neighborhood of ¢.)
2) Card(N¢(q)) 2 MinPts  (Card(N) denotes the cardinal-

ity of the set N)

The condition Card(Ng(q)) 2 MinPts is called the “core object
condition™. If this condition holds for an object p, then we call
p a “core object”. Only from core objects, other objects can be
directly density-reachable.

Definition 2: (density-reachable)
An object p is density-reachable from an object g wrt. £
and MinPts in the set of objects D if there is a chain of ob-
jects py, ..., Dy, P1 = 4, Dy, = p such that p; ED and p;; is
directly density-reachable from p, wrt. € and MinPts.
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Definition 3: (density-connected)
Object p is densitv-connected to object g wrt. £ and MinPts
in the set of objects D if there is an object 0 €D such that
both p and ¢ are density-reachable from o wrt. € and
MinPts in D.

Density-connectivity is a symmetric relation. Figure 2 illus-
trates the definitions on a sample database of 2-dimensional
points from a vector space. Note that the above definitions only
require a distance measure and will also apply to data from a
metric space. _

A density-based cluster 1s now defined as a set of density-con-
nected objects which is maximal wrt. density-reachability and
the noise is the set of objects not contained in any cluster.

Definition 4: (cluster and noise)
Let D be a set of objects. A cluster C wrt. £ and MinPts in
D is a non-empty subset of D satisfying the following con-
ditions:
1) Maximality: Vp,q €D: if p €C and q is density-reach-
able from p wrt. € and MinPts, then also g €C.
2) Connectivity: Vp,q € C: pis density-connected to g wrt.
£ and MinPts in D.
Every object not contained in any cluster is noise.

Note that a cluster contains not only core objects but also ob-
jects that do not satisfy the core object condition. These objects

Y HacTaBKy je y KpaTKMM LpTama onucaHa npoueaypa Kako ce J0nasu A0 OBUX KaacTepa, a
3a BuLWe feTasba Tpeba KOHCYATOBATU Hay4YHM pag,

OcHoBHa upaeja

Kao u kog DBSCAN anroputma, n OPTICS Kao ynas oyekyje aBa napametpa Eps (¢) uminPts.
3a pasnuky og DBSCAN anroputma, OPTICS Takohe yauma y 063up Tauyke Koje cy aeo rywhe
36MjeHOr KfacTepa, Na je CBakoj Tayku AoJe/beHa U yAa/beHOCT jedrpa (core distance) Koja
onucyje yaasmeHocT Ao minPts-Te HajbanKe Tauke:

UNDEFINED,  if |N.| < MinPts

core_dist, y; = . . . .
_diste minpes(P) {M inPts — th smallest distance in N, otherwise

JopatHo ce geduHuwe m: The reachability-distance of another point o from a point p is
either the distance between o and p, or the core distance of p, whichever is bigger:

UNDEFINED,  if |N,| < MinPts

reachability diste minpes(0,p) = {max (core_dist, yinpes(p), dist(p,0)),  otherwise
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AKO cy p 1 0 HajbAnXKK cycean, oHAA je nogpasyMeBamo A4a P U 0 Npunagajy UCToM Knacrtepy.

Kao WwTo ce moxe npumeTnTn n3 aeduHuLmja, oBe ase gUcTaHLe HUCy geduHucaHe y cayydajy
[la Knactep Huje A0BOJ/bHO IycT (3a M3abpaHo €). 33 4OBO/LHO BE/IMKO &, OBO CE He AellaBa HUKag,
ann £-OKONMHa NpeTpaxkyje BeanKn 6poj Tauaka, Na je KomnaekcHocT anroputma 0 (n?). 3ato je
napametap € notpebaH ga bu ce ,04ceKkNa” ryCTMHA OHUX KAcTepa Koju BULLE HUCY 3aHUMJ/bUBMY,
a caMuMm TMM 1 ybp3ao anroputam.

Our algorithm OPTICS creates an ordering of a database, additionally storing the core-
distance and a suitable reachability-distance for each object. We will see that this information is
sufficient to extract all density-based clusterings with respect to any distance €' which is smaller
than the generating distance € from this order.

PSEUDOCODE

# DB je database.
function OPTICS(DB, eps, MinPts) is
for each point p of DB do
p.reachability-distance = UNDEFINED
for each unprocessed point p of DB do
N = getNeighbors(p, eps)
mark p as processed
output p to the ordered list
if core-distance(p, eps, MinPts) != UNDEFINED then
Seeds = empty priority queue
update(N, p, Seeds, eps, MinPts)
for each next q in Seeds do
N' = getNeighbors(q, eps)
mark q as processed
output g to the ordered list
if core-distance(q, eps, MinPts) != UNDEFINED do
update(N', g, Seeds, eps, MinPts)

In update(), the priority queue Seeds is updated with the g-neighborhood of p and g, respectively:

function update(N, p, Seeds, eps, MinPts) is
coredist = core-distance(p, eps, MinPts)
for each o in N
if o is not processed then
new-reach-dist = max(coredist, dist(p,0))
if o.reachability-distance == UNDEFINED then // o is not in Seeds
o.reachability-distance = new-reach-dist
Seeds.insert(o, new-reach-dist)
else // o in Seeds, check for improvement
if new-reach-dist < o.reachability-distance then
o.reachability-distance = new-reach-dist
Seeds.move-up(o, new-reach-dist)
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OPTICS hence outputs the points in a particular ordering, annotated with their smallest
reachability distance (in the original algorithm, the core distance is also exported, but this is not
required for further processing).

EKcTpakumja Knacrepa

Using a reachability-plot, the hierarchical structure of the clusters can be obtained easily. It
is a 2D plot, with the ordering of the points as processed by OPTICS on the x-axis and the
reachability distance on the y-axis. Since points belonging to a cluster have a low reachability
distance to their nearest neighbor, the clusters show up as valleys in the reachability plot. The
deeper the valley, the denser the cluster.

Dim. 2 Dimr.. 2
i

The image above illustrates this concept. In its upper left area, a synthetic example data set
is shown. The upper right part visualizes the spanning tree produced by OPTICS, and the lower
part shows the reachability plot as computed by OPTICS. Colors in this plot are labels, and not
computed by the algorithm; but it is well visible how the valleys in the plot correspond to the
clusters in above data set. The yellow points in this image are considered noise, and no valley is
found in their reachability plot. They are usually not assigned to clusters, except the omnipresent
"all data" cluster in a hierarchical result.

Extracting clusters from this plot can be done manually by selecting a range on the x-axis after
visual inspection, by selecting a threshold on the y-axis (the result is then similar to a DBSCAN
clustering result with the same € and minPts parameters; here a value of 0.1 may vyield good
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results), or by different algorithms that try to detect the valleys by steepness, knee detection, or
local maxima. Clusterings obtained this way usually are hierarchical, and cannot be achieved by
a single DBSCAN run.

Mpeysemo ca Wikipedia/en

Nutepartypa:

e Mihael Ankerst, Markus M. Breunig, Hans-Peter Kriegel, and Jorg Sander (1999). OPTICS: Ordering
Points To lIdentify the Clustering Structure. ACM SIGMOD international conference on
Management of data. ACM Press. pp. 49-60. CiteSeerX 10.1.1.129.6542

OPTICS Extensions

e OPTICS-OF is an outlier detection algorithm based on OPTICS. The main use is the extraction of
outliers from an existing run of OPTICS at low cost compared to using a different outlier detection
method. The better known version LOF is based on the same concepts.

e Deli-Clu, Density-Link-Clustering combines ideas from single-linkage clustering and OPTICS,
eliminating the € parameter and offering performance improvements over OPTICS.

e HiSC is a hierarchical subspace clustering (axis-parallel) method based on OPTICS.
e HiCO is a hierarchical correlation clustering algorithm based on OPTICS.

e DiSH is an improvement over HiSC that can find more complex hierarchies.

e FOPTICS is a faster implementation using random projections.

e HDBSCAN is based on a refinement of DBSCAN, excluding border-points from the clusters and thus
following more strictly the basic definition of density-levels by Hartigan.
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