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Abstrakt

V prostřed́ı dohledových kamerových systémů v současnosti vzniká
obrovské množstv́ı video dat, ze kterých lze extrahovat užitečné infor-
mace o pohybu objekt̊u v podobě trajektoríı. Analýza těchto dat pak
může významně přispět k pochopeńı chováńı objekt̊u pohybuj́ıćıch se ve
sledované oblasti. Velmi často se objevuje požadavek na automatizované
metody pro popis aktivit a chováńı objekt̊u na základě dat extrahovaných
ze samotného videa, nikoliv na základě manuálńı specifikace. Takové me-
tody pak poskytuj́ı model využitelný pro r̊uzné úlohy analýzy chováńı
pohybuj́ıćıch se objekt̊u, zejména pak pro detekci zaj́ımavých či neob-
vyklých událost́ı. Tato technická zpráva se nejprve věnuje oblasti dolováńı
v datech pohybuj́ıćıch se objekt̊u na obecné úrovni. Následně popisuje
problematiku sémantických trajektoríı, které se snaž́ı odrazit myšlenku,
že trajektorie má jednak obecné rysy, které jsou aplikačně nezávislé, a
dále pak sémantické rysy, které jsou aplikačně závislé. V daľśı části se již
zpráva zabývá problematikou automatického modelováńı pohybu objekt̊u
v oblasti sledované dohledovou kamerou. Kromě procesu učeńı se modelu
sledované oblasti jsou popsány i zp̊usoby jeho využit́ı při analýze aktivit
a chováńı objekt̊u.
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1 Úvod

Źıskáváńı znalost́ı z databáźı je v posledńıch letech velmi rychle se rozv́ıjej́ıćı
oblast, která obzvláště vzhledem k obrovskému objemu r̊uzných dat nabývá
stále v́ıce na užitečnosti a d̊uležitosti. Jádrem procesu źıskáváńı znalost́ı je fáze
dolováńı z dat, při které je aplikován konkrétńı algoritmus za účelem extrakce
požadovaných vzor̊u.

Se stále zvyšuj́ıćım se množstv́ım ukládaných dat o pohybuj́ıćıch se objektech
v podobě trajektoríı výrazně roste d̊uležitost a potenciálńı užitečnost analýzy
tohoto typu dat. Při analýze dat pohybuj́ıćıch se objekt̊u lze s výhodou uplatnit
r̊uzné metody dolováńı z dat.

Dolováńım v datech pohybuj́ıćıch se objekt̊u se zabývá kapitola 2. Ćılem
této kapitoly je poskytnout širš́ı pohled na problematiku dolováńı v datech po-
hybuj́ıćıch se objekt̊u a popsat existuj́ıćı př́ıstupy pro řešeńı jednotlivých úloh.
Nejprve se věnuje hledáńı vzor̊u pohybuj́ıćıch se objekt̊u, v daľśı části se pak
zaměřuje na dolováńı v trajektoríıch, což zahrnuje úlohy typu shlukováńı trajek-
toríı, predikci budoućıho pohybu, klasifikaci trajektoríı a detekci neobvyklých
trajektoríı.

Trajektorie pohybuj́ıćıch se objekt̊u jsou nejčastěji ukládány v podobě sek-
vence časoprostorových bod̊u. Pro mnoho aplikaćı však z trajektoríı v této po-
době neńı možné źıskat zaj́ımavé vzory bez uvažováńı geografické a aplikačně
specifické informace. Objevuje se tak pojem sémantické trajektorie, který odráž́ı
myšlenku, že trajektorie má jednak obecné rysy, které jsou aplikačně nezávislé,
a dále pak sémantické rysy, které jsou aplikačně závislé. Ćılem je tak obohatit
časoprostorové trajektorie doménově specifickými sémantickými informacemi ve
fázi předzpracováńı dat. Dotazováńı a analýza pak prob́ıhá nad vygenerovanými
sémantickými trajektoriemi. Problematikou sémantických trajektoríı se zabývá
závěrečná část kapitoly 2.

V prostřed́ı dohledových kamerových systémů v současnosti vzniká obrovské
množstv́ı video dat, ze kterých lze extrahovat užitečné informace o pohybu ob-
jekt̊u v podobě trajektoríı. Analýza těchto dat pak může významně přispět
k pochopeńı chováńı objekt̊u pohybuj́ıćıch se ve sledované oblasti.

Mnoho technik pro analýzu aktivit pohybuj́ıćıch se objekt̊u ve videu na vyšš́ı
úrovni abstrakce vyžaduje nav́ıc určitou doménovou znalost danou konkrétńı
aplikaćı. Vzhledem k rychle se rozšǐruj́ıćımu použ́ıváńı dohledových kamerových
systémů se však velmi často objevuje požadavek na automatizované metody
pro popis aktivit a chováńı objekt̊u na základě dat extrahovaných ze samotného
videa, nikoliv na základě manuálńı specifikace. Takové metody pak poskytuj́ı
model využitelný pro r̊uzné úlohy analýzy chováńı pohybuj́ıćıch se objekt̊u,
zejména pak pro detekci zaj́ımavých či neobvyklých událost́ı. Problematice au-
tomatického modelováńı pohybu objekt̊u ve sledované oblasti se věnuje kapitola
3. Kromě procesu učeńı se modelu sledované oblasti jsou popsány i zp̊usoby jeho
využit́ı při analýze aktivit a chováńı objekt̊u. Mezi popsané analytické úlohy
patř́ı klasifikace trajektoríı, detekce neobvyklých trajektoríı a online analýza,
která zahrnuje predikci pohybu a detekci neobvyklého chováńı.
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2 Dolováńı v datech pohybuj́ıćıch se objekt̊u

Zejména s rozvojem lokalizačńıch či dohledových systémů, senzorových śıt́ı a
mobilńıch zař́ızeńı v nedávné době začal prudce nar̊ustat objem ukládaných
časoprostorových dat, č́ımž výrazně stoupá jejich potenciál. Nejčastěji se jedná
o data o pohybuj́ıćıch se objektech v podobě jejich trajektoríı. Tato data mo-
hou popisovat pohyb lid́ı, zv́ı̌rat, dopravńıch prostředk̊u, ale např́ıklad i ledovc̊u,
bouř́ı a podobně. Kromě rozvoje technologíı pro modelováńı, dotazováńı a inde-
xováńı přináš́ı źıskáváńı znalost́ı z dat pohybuj́ıćıch se objekt̊u, hlavně vzhledem
k jejich složitosti, mnohé výzvy pro současný výzkum.

Trajektorie pohybuj́ıćıch se objekt̊u jsou obvykle reprezentovány jako sek-
vence časoprostorových bod̊u (x, y, t), kde x, y odpov́ıdaj́ı prostorovým souřad-
nićım pohybuj́ıćıho se objekt̊u ve dvourozměrném prostoru a t je časové raźıtko.
Pro dotazováńı a indexováńı trajektoríı v této podobě bylo vytvořeno několik
model̊u a př́ıstup̊u, viz např́ıklad [17] nebo [72]. Vzniklo také několik prototyp̊u
databázových systémů pro správu dat o pohybuj́ıćıch se objektech, např́ıklad
Hermes [55] nebo SECONDO [16].

Při analýze dat pohybuj́ıćıch se objekt̊u nacházej́ı široké uplatněńı r̊uzné
metody dolováńı z dat. Úlohy dolováńı v datech pohybuj́ıćıch se objekt̊u lze
rozdělit do dvou skupin na dolováńı vzor̊u pohybuj́ıćıch se objekt̊u a dolováńı
v trajektoríıch [22]. Do prvńı skupiny úloh patř́ı hledáńı skupin pohybuj́ıćıch
se objekt̊u, dolováńı frekventovaných pohyb̊u a dolováńı periodických vzor̊u.
Do druhé skupiny pak lze zařadit shlukovou analýzu, klasifikaci nebo predikci
trajektoríı a detekci odlehlých trajektoríı, tedy takových, které reprezentuj́ı ne-
obvyklé chováńı pohybuj́ıćıch se objekt̊u.

Ve všech těchto př́ıpadech jsou však uvažovány pouze časoprostorové rysy
trajektoríı. Chováńı pohybuj́ıćıho se objektu je tak popsáno pouze geomet-
rickými vlastnostmi jeho trajektorie, tedy prostřednictv́ım rys̊u na ńızké úrovni
abstrakce. V tomto pohledu na data pohybuj́ıćıch se objekt̊u chyb́ı podpora
sémantických vlastnost́ı trajektoríı, které by umožňovaly dotazováńı a analýzu
těchto dat na vyšš́ı úrovni abstrakce. Zač́ıná se proto často objevovat pojem
sémantické trajektorie.

Tato kapitola se věnuje problematice dolováńı v datech pohybuj́ıćıch se ob-
jekt̊u a popisuje existuj́ıćı metody pro výše uvedené dolovaćı úlohy. Závěrečná
část této kapitoly se zabývá problematikou sémantických trajektoríı se zaměře-
ńım na popis metod pro obohaceńı trajektoríı o sémantickou informaci.

2.1 Dolováńı vzor̊u pohybuj́ıćıch se objekt̊u

Hledáńı vzor̊u pohybuj́ıćıch se objekt̊u je úloha dolováńı z dat, jej́ımž ćılem je
objevit r̊uzné typy potenciálně užitečných vzor̊u v databáźıch pohybuj́ıćıch se
objekt̊u. Tyto vzory mohou být rozděleny do následuj́ıćıch tř́ı kategoríı [41]:

• Vztahy mezi objekty (anglicky relationship patterns) – tento typ vzor̊u je
zaměřen na vztahy mezi jednotlivými pohybuj́ıćımi se objekty. Nejčastěǰśı
úlohou je zde hledáńı skupin objekt̊u, které se pohybuj́ı společně, nicméně
je možné hledat i jiné typy vztah̊u mezi objekty.
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• Frekventované vzory pohybu (anglicky frequent trajectory patterns) – tyto
vzory reprezentuj́ı obecné trendy pohybu všech objekt̊u vzhledem k pro-
storu (např́ıklad oblasti navšt́ıvené během pohybu) i k času (např́ıklad
doba trváńı pohybu).

• Opakuj́ıćı se vzory (anglicky repetitive patterns) – jedná se o vzory popi-
suj́ıćı periodické chováńı pohybuj́ıćıch se objekt̊u, což může být typické
např́ıklad pro některá zv́ı̌rata nebo lidi.

Popisu jednotlivých typ̊u vzor̊u se věnuje zbytek této sekce. Některé ze
zmı́něných vzor̊u jsou zahrnuty v systému MoveMine [41], který poskytuje funk-
cionalitu dolováńı z dat se zaměřeńım na data o pohybu zv́ı̌rat. Tento systém
kromě metod pro hledáńı vzor̊u pohybuj́ıćıch se objekt̊u nab́ıźı i metody pro
shlukováńı trajektoríı a detekci odlehlých trajektoríı, kterým je věnována po-
zornost v daľśıch sekćıch.

Hledáńı skupin pohybuj́ıćıch se objekt̊u

Ćılem této úlohy je naj́ıt skupiny objekt̊u, které vyhovuj́ı konkrétńımu chováńı
z pohledu společných pohyb̊u a vzájemných interakćı mezi objekty skupiny.

Hledáńı skupin objekt̊u, které se pohybuj́ı společně, lze chápat jako hledáńı
pohybuj́ıćıho se shluku [30]. Pohybuj́ıćı se shluk znač́ı skupinu objekt̊u pohy-
buj́ıćıch se geometricky bĺızko sebe po určitý časový interval. Pro vyhledáváńı
pohybuj́ıćıch se shluk̊u je v [30] navržen algoritmus, který pro každý časový
okamžik provede shlukováńı pomoćı metody DBSCAN [19] a nalezené shluky
vždy srovná se shluky z předchoźıho časového okamžiku.

Na konceptu vzájemných pohyb̊u objekt̊u (anglicky relative motions) byl
vyvinut a v daľśıch praćıch dále rozv́ıjen rámec nazvaný REMO [32] [18], který
specifikuje kolekci časoprostorových skupinových vzor̊u na základě podobnosti
směr̊u a změn směr̊u pohybu objekt̊u. Jedná se zejména o následuj́ıćı typy vzor̊u
(uvažujme parametry m > 1, r > 0, př́ıpadně τ > 0, kde m a τ jsou celá č́ıslo a
r je reálné č́ıslo):

• Stádo (anglicky flock) – vzoru vyhovuje skupina nejméně m objekt̊u, které
se nacházej́ı v kruhové oblasti o poloměru r a pohybuj́ı se ve stejném
směru. Př́ıklad vzoru typu stádo je na obrázku 1 vlevo.

• Vedeńı (anglicky leadership) – vzoru vyhovuje skupina nejméněm objekt̊u,
které se nacházej́ı v kruhové oblasti o poloměru r, pohybuj́ı se ve stejném
směru a alespoň jeden z objekt̊u udržuje tento směr po dobu nejméně τ
časových krok̊u. Př́ıklad vzoru typu vedeńı je na obrázku 1 vlevo.

• Sb́ıhavost (anglicky convergence) – vzoru vyhovuje skupina nejméně m ob-
jekt̊u, které dosáhnou stejné kruhové oblasti o poloměru r (za předpokladu
udržeńı stejného směru). Př́ıklad vzoru typu sb́ıhavost je na obrázku 1
vpravo.
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• Setkáńı (anglicky encounter) – vzoru vyhovuje skupina nejméně m ob-
jekt̊u, které dosáhnou stejné kruhové oblasti o poloměru r současně (za
předpokladu udržeńı stejného směru a stejné rychlosti).

196 Geoinformatica (2007) 11:195–215

1 Introduction

Moving point object data is becoming increasingly more available since the develop-
ment of GPS and radio transmitters. One of the objectives of spatio-temporal data
mining [16], [23] is to analyze such data sets for interesting patterns. For example,
a group of caribou with radio collars gives rise to the positions of each caribou
at a sequence of time steps. Analyzing this data gives insight into entity behavior,
in particular, migration patterns [22]. The analysis of moving objects also has
applications in sports (e.g., soccer players [12]) and in socio-economic geography [8].

There is ample research on data mining of moving objects (e.g., [13], [25],
[27], [28], [30]) in particular, on the discovery of similar trajectories or clusters.
Trajectories for moving points are also referred to as (geo)spatial lifelines. In general
the input is a set of n moving point objects whose locations are known at t consecutive
time steps, that is, the path of each moving object is a polygonal line that can self-
intersect (see Fig. 1). For brevity, we will call moving point objects entities from now
on.

The REMO framework (RElative MOtion) was developed by Laube and Im-
feld [14] to define similar behavior in groups of entities. To this end, they define a
collection of spatio-temporal patterns based on similar direction of motion or change
of direction. These patterns are meaningful, for example, with respect to data that
represents the movement of a caribou herd or data that represents change of political
opinions in a space where dimensions represent left–right, liberal–conservative,
and ecological–technocratic. Laube et al. [15] extended the framework by not only
including direction of motion, but also location itself. They defined several spatio-
temporal patterns, including flock, leadership, convergence, and encounter, which can
occur for a subset of the entities at a given time step or time interval. They also give
algorithms to compute these patterns efficiently. We formalize the patterns below.

We assume that the data to be analyzed consists of n entities, each with t locations
at consecutive time steps. We also assume that the locations of the entities are known
at the same time steps (concurrent observation), but we do not make any assumptions
on the distance traveled in any time step for any entity. We will treat each time step
separately. Hence, at each time step, we have to analyze a set of n points with a
given motion direction and speed. The flock pattern describes entities moving in the
same direction while being close to each other (see Fig. 1). We formalize “being

Fig. 1 Left, a flock pattern for p1, p2, p3 at the eighth time step. It is also a leadership pattern with
p2 as the leader. Right, a convergence pattern if m = 4 for p2, p3, p4, p5Obrázek 1: Př́ıklad vzoru typu stádo a vedeńı s vedoućı trajektoríı p2 (vlevo) a

vzoru typu sb́ıhavost pro trajektorie p2, p3, p4, p5 (vpravo) (převzato z [18]).

Nevýhodou vzoru typu stádo je jeho omezeńı na kruhový poloměr. To může
vést ke ztrátě některých objekt̊u, které se pohybuj́ı společně se shlukem, ale
nejsou uvnitř kruhové oblasti určené definovaným poloměrem. Za účelem od-
straněńı tohoto omezeńı byl definován vzor konvoj (anglicky convoy) [27], při
jehož hledáńı je využito shlukováńı na základě hustoty.

U vzor̊u stádo a konvoj lze identifikovat společnou nevýhodu danou časovým
omezeńım na tyto vzory, kdy v definićıch těchto vzor̊u jsou uvažovány pouze
po sobě jdoućı časové okamžiky. Př́ıkladem tohoto omezeńı může být ztráta
skupiny objekt̊u, z nichž některý objekt dočasně opust́ı pohybuj́ıćı se shluk.
V [40] byl navržen vzor nazvaný roj (anglicky swarm), který zmı́něnou nevýhodu
odstraňuje. Vzor typu roj pak reprezentuje shluk objekt̊u, které se pohybuj́ı
společně alespoň po určitý počet časových okamžik̊u, nikoliv však nutně po
sobě jdoućıch.

Dolováńı frekventovaných pohyb̊u

Účelem dolováńı frekventovaných pohyb̊u je nalezeńı takových trajektoríı (nebo
sub-trajektoríı), které jsou pohybuj́ıćımi se objekty často sledovány. Takové
vzory pak reprezentuj́ı obecné trendy pohybu objekt̊u vzhledem k prostoru i
k času.

Dolováńım frekventovaných vzor̊u z trajektoríı se zabývá např́ıklad [14].
Zavád́ı nový typ vzoru, tzv. T-vzor (v angličtině T-pattern, Trajectory pat-
tern), který sjednocuje časovou i prostorou informaci bez předchoźı diskreti-
zace časové či prostorové dimenze. T-vzor je dvojice (S,A) taková, že S =
〈(x0, y0), . . . , (xk, yk)〉 je sekvence pozic v prostoru a A = 〈α1, . . . , αk〉 je sek-
vence čas̊u přechod̊u mezi prostorovými pozicemi. T-vzor je pak možné repre-
zentovat jako (S,A) = (x0, y0)

α1−→ (x1, y1)
α2−→ · · · αk−−→ (xk, yk).

Čas přechodu mezi dvěma pozicemi vyjadřuje dobu přesunu pohybuj́ıćıho
se objektu z jedné prostorové pozice do druhé. T-vzor obsahuj́ıćı n prosto-
rových pozic reprezentuje ve vstupńı databázi trajektoríı všechny sub-trajektorie
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s n prostorovými pozicemi takové, že každá pozice sub-trajektorie je přibližně
stejná jako odpov́ıdaj́ıćı pozice ve vzoru a všechny časy přechod̊u mezi pozicemi
sub-trajektorie jsou přibližně stejné jako odpov́ıdaj́ıćı časy přechod̊u ve vzoru.
Kromě parametru minimálńı podpory vzoru je pro dolováńı frekventovaných
T-vzor̊u nutné určit hodnotu časové tolerance a funkci prostorové sousednosti.

Dolováńı periodických vzor̊u

V mnoha př́ıpadech objekty v pravidelných časových intervalech sleduj́ı stejné
trasy. Detekce periodického chováńı pohybuj́ıćıch se objekt̊u může být užitečná
např́ıklad pro sumarizaci historie pohybu, pro predikci budoućıho pohybu nebo
může pomoci při detekci neobvyklých událost́ı [21].

Hledáńım periodických vzor̊u se zabývá např́ıklad [44]. Trajektorie je zde
uvažována jako sekvence prostorových pozic. Dolováńı periodických vzor̊u zde
prob́ıhá pro pevně danou hodnotu periody T . Periodický vzor P je pak sek-
vence délky T , která se v pr̊uběhu analyzované trajektorie vyskytuje alespoň
minsup krát, kde minsup je uživatelsky definovaná hodnota minimálńı pod-
pory. Dolováńı periodických vzor̊u prob́ıhá ve dvou kroćıch. V prvńım kroku
jsou s pomoćı shlukovaćıho algoritmu DBSCAN vyhledány všechny frekvento-
vané vzory délky 1. Ve druhém kroku pak prob́ıhá postupné hledáńı deľśıch
vzor̊u. Pro tento krok jsou navrženy dva možné př́ıstupy: zdola-nahoru nebo
shora-dol̊u.

Hlavńı nevýhodou popsaného př́ıstupu je nutnost pevně definovat délku pe-
riody. Toto omezeńı odstraňuje algoritmus Periodica navržený v [39]. Jedná
se o dvoufázový algoritmus, který analýzou vstupńıch dat nejprve automa-
ticky detekuje vhodné periody a ve druhé fázi pak statisticky sumarizuje pe-
riodické chováńı objekt̊u. Detekce délky periody je prováděna kombinaćı Fou-
rierovy transformace a autokorelace nad všemi referenčńımi body, které od-
pov́ıdaj́ı často navštěvovaným oblastem, jež jsou identifikovány pomoćı př́ıstupu
založeného na hustotě. Sumarizace periodického chováńı ve druhé fázi je pak
prováděna metodou založenou na hierarchickém shlukováńı.

2.2 Shlukováńı trajektoríı

Požadavkem na shlukováńı trajektoríı pohybuj́ıćıch se objekt̊u může být vy-
hledáńı skupin objekt̊u pohybuj́ıćıch se společně nebo vyhledáńı společných
sub-trajektoríı, které mohou reprezentovat nějakou významnou oblast.

Hledáńı shluk̊u objekt̊u, které se pohybuj́ı společně, se lǐśı podle toho, zda
je společný pohyb objekt̊u požadován po celý časový úsek pr̊uběhu trajektoríı,
nebo pouze po jeho část. V př́ıpadě částečného časového úseku zde shlukováńı
splývá s hledáńım pohybuj́ıćıch se shluk̊u nebo vzor̊u typu stádo, konvoj či roj,
které byly popsány v sekci 2.1. Pro shlukováńı trajektoríı jako celku je možné
využ́ıt metody pro shlukováńı vysoce dimenzionálńıch dat, metody založené na
pravděpodobnostńıch modelech nebo metody založené na hustotě.

Při použit́ı některé metody shlukováńı vysoce dimenzionálńıch dat je každý
časový okamžik trajektorie uvažován jako samostatná dimenze. Při shlukováńı
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lze pak použ́ıt r̊uzné vzdálenostńı funkce, např́ıklad Euklidovskou vzdálenost,
některé varianty editačńı vzdálenosti a podobně [21].

Metoda pro shlukováńı trajektoríı na základě hustoty byla navržena např́ı-
klad v [52]. Autoři zde definuj́ı vzdálenost mezi trajektoriemi jako pr̊uměrnou
vzdálenost mezi objekty ve všech časových okamžićıch. Trajektorie je tedy uva-
žována jako celek. Pro samotné shlukováńı je použita modifikace algoritmu OP-
TICS [19]. Tato modifikace vycháźı z předpokladu, že v reálném prostřed́ı maj́ı
některé časové intervaly vyšš́ı d̊uležitost než jiné (např́ıklad dopravńı špička a
podobně) a shlukováńı trajektoríı pouze ve významných časových intervalech
může přinést zaj́ımavěǰśı výsledky.

Jsou-li při shlukováńı trajektorie uvažovány jako celek, neńı možné obje-
vit pouze podobné části trajektoríı a může tak doj́ıt ke ztrátě potenciálně
zaj́ımavého výsledku. Tento př́ıpad ilustruje obrázek 2, na kterém je vyznačena
sub-trajektorie společná všem zobrazeným trajektoríım. Tato sub-trajektorie
by při reprezentaci trajektorie jako celku nemohla být objevena, protože každá
z trajektoríı se dále ub́ırá jiným směrem.

Trajectory Clustering: A Partition-and-Group Framework∗

Jae-Gil Lee, Jiawei Han
Department of Computer Science

University of Illinois at Urbana-Champaign
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KAIST
kywhang@cs.kaist.ac.kr

ABSTRACT
Existing trajectory clustering algorithms group similar tra-
jectories as a whole, thus discovering common trajectories.
Our key observation is that clustering trajectories as a whole
could miss common sub-trajectories. Discovering common
sub-trajectories is very useful in many applications, espe-
cially if we have regions of special interest for analysis. In
this paper, we propose a new partition-and-group framework
for clustering trajectories, which partitions a trajectory into
a set of line segments, and then, groups similar line seg-
ments together into a cluster. The primary advantage of this
framework is to discover common sub-trajectories from a tra-
jectory database. Based on this partition-and-group frame-
work, we develop a trajectory clustering algorithm TRA-
CLUS. Our algorithm consists of two phases: partitioning
and grouping. For the first phase, we present a formal trajec-
tory partitioning algorithm using the minimum description
length (MDL) principle. For the second phase, we present
a density-based line-segment clustering algorithm. Exper-
imental results demonstrate that TRACLUS correctly dis-
covers common sub-trajectories from real trajectory data.

Categories and Subject Descriptors: H.2.8 [Database
Management]: Database Applications – Data Mining

General Terms: Algorithms

Keywords: Partition-and-group framework, trajectory clus-
tering, MDL principle, density-based clustering

1. INTRODUCTION
Clustering is the process of grouping a set of physical or

abstract objects into classes of similar objects [11]. Cluster-
ing has been widely used in numerous applications such as
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tional Science Foundation grants IIS-05-13678/06-42771 and
BDI-05-15813. Any opinions, findings, and conclusions ex-
pressed here are those of the authors and do not necessarily
reflect the views of the funding agencies.
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republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
SIGMOD’07, June 11–14, 2007, Beijing, China.
Copyright 2007 ACM 978-1-59593-686-8/07/0006 ...$5.00.

market research, pattern recognition, data analysis, and im-
age processing. A number of clustering algorithms have been
reported in the literature. Representative algorithms in-
clude k -means [17], BIRCH [24], DBSCAN [6], OPTICS [2],
and STING [22]. Previous research has mainly dealt with
clustering of point data.

Recent improvements in satellites and tracking facilities
have made it possible to collect a large amount of trajec-
tory data of moving objects. Examples include vehicle posi-
tion data, hurricane track data, and animal movement data.
There is increasing interest to perform data analysis over
these trajectory data. A typical data analysis task is to find
objects that have moved in a similar way [21]. Thus, an ef-
ficient clustering algorithm for trajectories is essential for
such data analysis tasks.

Gaffney et al. [7, 8] have proposed a model-based cluster-
ing algorithm for trajectories. In this algorithm, a set of
trajectories is represented using a regression mixture model.
Then, unsupervised learning is carried out using the max-
imum likelihood principle. Specifically, the EM algorithm
is used to determine the cluster memberships. This algo-
rithm clusters trajectories as a whole; i.e., the basic unit of
clustering is the whole trajectory.

Our key observation is that clustering trajectories as a
whole could not detect similar portions of the trajectories.
We note that a trajectory may have a long and complicated
path. Hence, even though some portions of trajectories show
a common behavior, the whole trajectories might not.

Example 1. Consider the five trajectories in Figure 1. We
can clearly see that there is a common behavior, denoted
by the thick arrow, in the dotted rectangle. However, if
we cluster these trajectories as a whole, we cannot discover
the common behavior since they move to totally different
directions; thus, we miss this valuable information. 2

A common sub-trajectory

TR
5

TR
1

TR
2

TR
3

TR
4

Figure 1: An example of a common sub-trajectory.

Our solution is to partition a trajectory into a set of
line segments and then group similar line segments. This
framework is called a partition-and-group framework. The
primary advantage of the partition-and-group framework is
the discovery of common sub-trajectories from a trajectory

Obrázek 2: Př́ıklad společné sub-trajektorie (převzato z [35]).

Pro objevováńı společných sub-trajektoríı byl v [35] navržen
”
partition-and-

group“ rámec a algoritmus TRACLUS na něm založený. Algoritmus TRACLUS
prob́ıhá ve dvou fáźıch. V prvńı fázi docháźı k děleńı jednotlivých trajektoríı na
sub-trajektorie, druhou fáźı je pak samotné shlukováńı sub-trajektoríı následo-
vané vygenerováńım reprezantivńıch trajektoríı pro každý nalezený shluk. Shlu-
kováńı je zde prováděno metodou založenou na hustotě, která vycháźı z algo-
ritmu DBSCAN. Použitá vzdálenostńı funkce se skládá ze tř́ı složek: kolmé, para-
lelńı a úhlové vzdálenosti. Fáze děleńı trajektoríı na sub-trajektorie je založena
na identifikaci charakteristických bod̊u, což jsou body, ve kterých se výrazně
měńı chováńı trajektorie. Pro tento účel je využito principu MDL (minimum de-
scription length) z oblasti teorie informace. Při děleńı se tak dosahuje vhodného
kompromisu mezi stručnost́ı a přesnost́ı.

Metoda shlukováńı trajektoríı nazvaná Vector Field k-means je navržena
v [11]. Tato metoda je založená na vektorových poĺıch, které jsou použity pro
modelováńı jednotlivých shluk̊u. Vektorová pole, což jsou funkce přǐrazuj́ıćı
každému bodu prostoru vektor, zde umožňuj́ı přirozeným zp̊usobem reprezen-
tovat rysy trajektoríı, jako jsou směr a rychlost pohybu. Ćılem shlukováńı je
naj́ıt vektorová pole, která co nejlépe aproximuj́ı vstupńı datovou sadu trajek-
toríı. Výhodou tohoto př́ıstupu je i jednoduchá vizualizace nalezených shluk̊u.
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Samotné shlukováńı využ́ıvá princip algoritmu k-means [19], č́ımž přeb́ırá jeho
výhody i nevýhody.

2.3 Predikce trajektoríı

Př́ıstupy k predikci budoućı pozice trajektorie pohybuj́ıćıho se objektu lze rozdělit
následovně [21]:

(a) predikce založená na historii vlastńıho pohybu,

(b) predikce založená na historii pohybu všech objekt̊u.

Metody pro predikci budoućı pozice na základě historie vlastńıho pohybu
lze dále dělit na lineárńı nebo nelineárńı a vektorové (pro krátkodobé predikce)
nebo založené na vzorech (pro dlouhodoběǰśı predikce). Lineárńı predikce neńı
z praktického hlediska př́ılǐs použitelná, viz obrázek 3, který znázorňuje jej́ı
selháńı.

Př́ıkladem nelineárńı vektorové metody pro krátkodobé predikce je rekur-
zivńı pohybová funkce [63]. Pozice trajektorie pohybuj́ıćıho se objektu o v čase
t je dána jako o(t) = C1 · o(t − 1) + C2 · o(t − 2) + · · · + Cf · o(t − f), kde Ci

jsou konstantńı matice vyjadřuj́ıćı určité typy pohyb̊u a f je parametr udávaj́ıćı
úroveň retrospekce.
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ABSTRACT

Existing methods for prediction in spatio-temporal databases 
assume that objects move according to linear functions. This 
severely limits their applicability, since in practice movement is 
more complex, and individual objects may follow drastically 
different motion patterns. In order to overcome these problems, 
we first introduce a general framework for monitoring and 
indexing moving objects, where (i) each object computes 
individually the function that accurately captures its movement 
and (ii) a server indexes the object locations at a coarse level and 
processes queries using a filter-refinement mechanism. Our 
second contribution is a novel recursive motion function that 
supports a broad class of non-linear motion patterns. The function 
does not presume any a-priori movement but can postulate the 
particular motion of each object by examining its locations at 
recent timestamps. Finally, we propose an efficient indexing 
scheme that facilitates the processing of predictive queries without 
false misses. 

1. INTRODUCTION

Spatio-temporal databases that manage information about objects 
moving in two- (or higher) dimensional spaces are important for 
several emerging applications including traffic supervision, flight 
control, mobile computing, etc. A large part of the related 
research (e.g., [KGT99, AAE00, HKTG02, SJLL02, CC02, 
TSP03, HKT03]) focuses on predictive queries, which forecast 
the objects that will qualify a spatial condition at some future time 
based on the current knowledge (e.g., "which flights are expected 
to enter the airspace of California in the next 10 minutes"). In 
order to avoid frequent location updates, the database stores the 
motion function o(t) of each object o, which returns its location at 
any future timestamp t. With a single exception ([AA03] that 
investigates theoretical indexes on non-linear trajectories for 
nearest neighbor search), existing work on spatio-temporal 
prediction assumes linear movement. Specifically, o(t) = o(to) + 

vo(t−to) where to is the last timestamp that object o issued an 
update, o(to) is the location of o at time to, and vo denotes its 
current velocity (constant since to). Both o and vo are d-
dimensional vectors (where d is the dimensionality of the data 
space) since they capture the information of o on all axes. An 
update is necessary whenever vo (i.e., the speed or direction of the 
movement) changes.  

1.1 Motivation 
While in practice most movements are not linear, the adoption of 
the linear model is often justified in two ways: (i) it avoids the 
complications of arbitrary motion patterns and permits the 
analysis of several interesting spatio-temporal problems [TP02, 
ISS03] that otherwise would be very difficult or intractable, and 
(ii) piece-wise linear segments can approximate (virtually, to 
arbitrary precision) any curve, which seems to suggest that linear 
prediction trivially covers the forecasting of other motion types. 
This, unfortunately, is not true. Figure 1.1a explains the 
inadequacy of linear prediction by showing the locations (black 
dots) of an object o, moving along a curvature during 6 
timestamps. Consider a query issued at time 1 that asks for the 
location of o at the next 4 timestamps. According to the linear 
velocity of o at the query time (computed using o(0) and o(1)), the 
predicted positions (white dots) deviate from the actual ones 
significantly. Similar observations hold for a predictive query 
issued at timestamp 2, where estimation is based on o(1) and o(2). 
Although piece-wise line segments can approximate curves, they

cannot be effectively applied for prediction, especially in the 

distant future. Further, note that the object needs to issue an 
update at every single timestamp to reflect the continuous 
direction changes. 

x

y

o(1)

predicted positions

at time 1

o(0)

o(2)

o(3)

o(4)

o(5)

predicted positions

 at time 2

Figure 1.1: Failure of linear prediction 

We use the term motion type or pattern to denote the general form 
of the motion function (e.g., linear, quadratic, circular), as 
opposed to its specific parameters, e.g., two linearly moving 
objects follow the same pattern although their direction or speed 
may differ. An obvious attempt to alleviate the above problems is 
to apply a more complex motion type. For example, one could use 

a quadratic function [AA03], o(t)=o(to)+vo(t−to)+½ao(t−to)
2, where 

ao is the acceleration vector of o. Although this model captures 
linearity as a special case (and therefore has higher applicability), 
it still cannot represent the curve of Figure 1.1. Further, even if a 
function describing the particular curve can be obtained, it would 
not be able to capture other objects in the system, which may 
follow totally different patterns. In general, due to the enormous 
diversity of motion types, trying to formulate a universal motion 
function that captures all possible trajectories would be 

Permission to make digital or hard copies of all or part of this work for 
personal or classroom use is granted without fee provided that copies are 
not made or distributed for profit or commercial advantage and that copies 
bear this notice and the full citation on the first page. To copy otherwise, 
or republish, to post on servers or to redistribute to lists, requires prior 
specific permission and/or a fee. 
SIGMOD 2004, June 13-18, 2004, Paris, France. 
Copyright 2004 ACM 1-58113-859-8/04/06…$5.00. 

Obrázek 3: Př́ıklad selháńı lineárńı predikce budoućı pozice (převzato z [63]).

V [26] je uveden model hybridńı predikce, který za účelem umožněńı krátko-
dobých i dlouhodobých predikćı kombinuje vektorový př́ıstup a př́ıstup založený
na vzorech.

Zástupcem metod pro predikci na základě historie pohybu všech objekt̊u
je metoda navržená v [45]. Tato metoda vycháźı z předpokladu, že sleduje-li
mnoho objekt̊u stejný vzor pohybu, je pravděpodobné, že daný objekt se bude
pohybovat podle tohoto vzoru také. Využity jsou zde T-vzory popsané v sekci
2.1.
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2.4 Klasifikace trajektoríı

Ćılem klasifikace trajektoríı je zařadit pohybuj́ıćı se objekty do př́ıslušných tř́ıd
na základě jejich trajektoríı a př́ıpadně daľśıch rys̊u [21]. Pro klasifikaci trajek-
toríı se použ́ıvaj́ı dva základńı př́ıstupy. Prvńı možnost́ı je využit́ı technik stro-
jového učeńı a rozpoznáváńı vzor̊u, např́ıklad skrytých Markovských model̊u
(HMM). Druhou možnost́ı je pak klasifikace na základě samotných trajektoríı,
přičemž tuto skupinu reprezentuje algoritmus TraClass.

Srovnáńım r̊uzných technik strojového učeńı při použit́ı pro klasifikaci tra-
jektoríı se věnuje [60]. Byly zde použity metody k-nejbližš́ı sousedstv́ı, GMM
(Gaussian Mixture Model) s EM (Expectation-Maximization), SVM (Support
Vector Machines) a HMM (Hidden Markov Models). Pro popis těchto metod
viz [6] nebo [19]. Pro HMM byly jednotlivé trajektorie reprezentovány jako sek-
vence okamžitých rychlost́ı, pro ostatńı techniky byla každá trajektorie repre-
zentována pouze pr̊uměrnou a minimálńı rychlost́ı. Srovnáńı uvedených metod
bylo provedeno na dvou datových sadách.

Klasifikace trajektoríı vozidel byla ćılem v [12]. Jednotlivé trajektorie byly
rozděleny do překrývaj́ıćıch se segment̊u, v rámci kterých byla trajektorie vždy
vyhlazena a přǐrazena do jedné ze čtyř kategoríı (vpřed, vlevo, vpravo, stát).
Takto vzniklé řetězce symbol̊u byly následně klasifikovány pomoćı HMM.

Jiný zp̊usob využit́ı HMM pro klasifikaci trajektoríı byl navržen v [4]. Tra-
jektorie jsou nejprve rozděleny v bodech změn zakřiveńı. Každá sub-trajektorie
je pak reprezentována koeficienty analýzy hlavńıch komponent (Principal Com-
ponent Analysis, PCA). Koeficienty PCA jsou reprezentovány pomoćı GMM
pro každou tř́ıdu. Pro každou tř́ıdu je následně vytvořen HMM, jehož každý
stav odpov́ıdá sub-trajektorii modelované pomoćı GMM.

Nevýhodou popsaných metod může v některých př́ıpadech být klasifikace
trajektorie jako celku. Toto omezeńı se snaž́ı odstranit již zmı́něný algorit-
mus TraClass [34], který vycháźı z předpokladu, že charakteristické rysy po-
hybu se vyskytuj́ı sṕı̌se u část́ı trajektoríı, nikoliv u trajektoríı celých. Kromě
toho předpokládá, že charakteristické rysy trajektorie nemuśı být vyjádřeny jen
vzory pohybu, ale mohou být určeny také oblastmi, jimiž trajektorie procháźı.
Algoritmus TraClass je založen na extrakci rys̊u nejprve pomoćı shlukováńı
podle region̊u, následně pak pomoćı shlukováńı podle trajektoríı. Trajekto-
rie jsou nejprve rozděleny na sub-trajektorie využit́ım stejného principu jako
u algoritmu TRACLUS, který je popsán v sekci 2.2, se zahrnut́ım informace
o př́ıslušnosti trajektoríı k odpov́ıdaj́ıćım tř́ıdám. Ćılem shlukováńı podle re-
gion̊u je naj́ıt takové oblasti, kterými procházej́ı většinou pouze trajektorie jedné
určité tř́ıdy. Pro tento účel je zde využito MDL principu, který byl zmı́něn
již v sekci 2.2. Př́ıklad shlukováńı podle region̊u ilustruj́ı kroky (1) a (2) na
obrázku 4. Ćılem shlukováńı podle trajektoríı je identifikovat společné vzory po-
hybu, které odpov́ıdaj́ı pouze trajektoríım jedné konkrétńı tř́ıdy. Tohoto ćıle je
dosaženo pomoćı algoritmu TRACLUS, který je rozš́ı̌ren o uvažováńı informace
o př́ıslušnosti trajektorie k některé tř́ıdě. Př́ıklad shlukováńı podle trajektoríı
znázorňuj́ı kroky (3) a (4) na obrázku 4.

Při klasifikaci pomoćı algoritmu TraClass je každá trajektorie nejprve trans-
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Figure 3: An example of trajectory-based clustering.

2.2 Overall Framework
Figure 4 outlines the feature generation framework Tra-

Class. Prior to clustering, each trajectory is partitioned into
a set of trajectory partitions. First, region-based clustering
is performed recursively as long as homogeneous regions of
reasonable size are found. The trajectory partitions that
are not covered by homogeneous regions are passed to the
next step. Second, trajectory-based clustering is performed
repeatedly as long as discriminative clusters are found. Ob-
viously, this collaborative hierarchical clustering enables us
to detect more of high-quality features.
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Figure 4: The procedure of hierarchical region-
based and trajectory-based clustering.

It is worthwhile to note that exploring the two types of
clustering generates a hierarchy of features because region-
based clustering discovers higher-level (more general) fea-
tures than trajectory-based clustering due to not using move-
ment patterns. In addition, within each clustering, there ex-
ists a hierarchy from larger clusters to smaller ones. Over-
all, we generate features in a top-down fashion: higher-level
features are preferred to lower-level ones since the former
are more effective for classification and, at the same time,
cheaper to use than the latter [19].

2.3 Problem Statement
We develop a feature generation framework for trajec-

tories of free moving objects. Given a set of trajectories
I = {TR1, . . . , TRnumtra}, with each trajectory associated
with a class ci ∈ C = {c1, . . . , cnumcla}, our framework gen-
erates a set of features for trajectory classification, where
the trajectory and feature are defined as follows.

A trajectory is a sequence of 2-dimensional points and is
denoted as TRi = p1p2p3 · · · pj · · · pleni (1 ≤ i ≤ numtra).
A trajectory pν1pν2 · · · pνk (1 ≤ ν1 < ν2 < · · · < νk ≤ leni)
is called a sub-trajectory of TRi. A trajectory partition is
a sub-trajectory pipj (i < j) of length 2. The whole trajec-
tory belongs to the same one class, so does every trajectory

partition from the trajectory. Figure 5 shows an example of
a trajectory and its trajectory partitions.
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−→: a trajectory, =⇒: trajectory partitions

Figure 5: An example of a trajectory and its trajec-
tory partitions.

A feature is either a region-based cluster or a trajectory-
based cluster. Informally, a region-based cluster is a set of
trajectory partitions of the same class within a rectangular
region regardless of their movement patterns; a trajectory-
based cluster is a set of trajectory partitions of the same
class which share a common movement pattern. Formal
definitions will be given in Sections 4.1 and 5.1, respectively.
These features, generated by two types of clustering, are
provided to a classifier.

3. TRAJECTORY PARTITIONING

3.1 Preliminaries
Trajectory partitioning as well as trajectory-based clus-

tering are based on the partition-and-group framework [12],
which consists of the following two phases:

(1) The partitioning phase: Each trajectory is partitioned
into a set of line segments (i.e., trajectory partitions)
whenever its moving direction changes rapidly. The
problem of finding the optimal set of such partitioning
points is formulated by the MDL principle. An O(n)
approximate algorithm is proposed to efficiently find the
near-optimal partitioning. See Appendix A for details.

(2) The grouping phase: Similar line segments are grouped
into a cluster using a density-based clustering method
analogous to DBSCAN [5]. A distance function for line
segments dist(Li, Lj) is designed to define the density.
The basic notions of density-based clustering for points
are changed to those for line segments as follows. Two
parameters ε and MinLns are introduced.

• The ε-neighborhood of a line segment Li is Nε(Li) =
{Lj ∈ L | dist(Li, Lj) ≤ ε}, where L is the set of trajec-
tory partitions.

• Li is a core line segment if |Nε(Li)| ≥ MinLns.

• Li is directly density-reachable from Lj if Li ∈ Nε(Lj)
and Lj is a core line segment.
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erates a set of features for trajectory classification, where
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A trajectory pν1pν2 · · · pνk (1 ≤ ν1 < ν2 < · · · < νk ≤ leni)
is called a sub-trajectory of TRi. A trajectory partition is
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A feature is either a region-based cluster or a trajectory-
based cluster. Informally, a region-based cluster is a set of
trajectory partitions of the same class within a rectangular
region regardless of their movement patterns; a trajectory-
based cluster is a set of trajectory partitions of the same
class which share a common movement pattern. Formal
definitions will be given in Sections 4.1 and 5.1, respectively.
These features, generated by two types of clustering, are
provided to a classifier.

3. TRAJECTORY PARTITIONING

3.1 Preliminaries
Trajectory partitioning as well as trajectory-based clus-

tering are based on the partition-and-group framework [12],
which consists of the following two phases:

(1) The partitioning phase: Each trajectory is partitioned
into a set of line segments (i.e., trajectory partitions)
whenever its moving direction changes rapidly. The
problem of finding the optimal set of such partitioning
points is formulated by the MDL principle. An O(n)
approximate algorithm is proposed to efficiently find the
near-optimal partitioning. See Appendix A for details.

(2) The grouping phase: Similar line segments are grouped
into a cluster using a density-based clustering method
analogous to DBSCAN [5]. A distance function for line
segments dist(Li, Lj) is designed to define the density.
The basic notions of density-based clustering for points
are changed to those for line segments as follows. Two
parameters ε and MinLns are introduced.

• The ε-neighborhood of a line segment Li is Nε(Li) =
{Lj ∈ L | dist(Li, Lj) ≤ ε}, where L is the set of trajec-
tory partitions.

• Li is a core line segment if |Nε(Li)| ≥ MinLns.

• Li is directly density-reachable from Lj if Li ∈ Nε(Lj)
and Lj is a core line segment.

Obrázek 4: Př́ıklad shlukováńı podle region̊u (kroky 1 a 2) a podle trajektoríı
(kroky 3 a 4) (převzato z [34]).

formována na vektor rys̊u, přičemž každý rys odpov́ıdá bud’ regionu, nebo vzoru
pohybu. Vzniklý vektor rys̊u je pak zpracován SVM klasifikátorem.

2.5 Detekce odlehlých trajektoríı

Automatická detekce neobvyklého nebo podezřelého chováńı pohybuj́ıćıch se
objekt̊u je významnou úlohou v oblasti analýzy časoprostorových dat. Obvykle
se jedná o hledáńı odlehlých trajektoríı, tedy takových pohyb̊u, které se výrazně
odlǐsuj́ı od většiny ostatńıch.

Mezi hlavńı př́ıstupy pro detekci odlehlých trajektoríı patř́ı metody založené
na vzdálenosti a metody založené na klasifikaci. Daľśı možný př́ıstup pak za-
stupuje algoritmus TOP-EYE, který je založen na výpočtu vyv́ıjej́ıćı se mı́ry
odlehlosti trajektorie nad vytvořeným pravděpodobnostńım modelem sledované
oblasti. Popisu těchto tř́ı př́ıstup̊u se věnuje zbytek této sekce.

Kromě zmı́něných př́ıstup̊u lze narazit i na některé daľśı př́ıstupy k dolováńı
odlehlých trajektoríı, jež jsou většinou přizp̊usobeny konkrétńı aplikačńı oblasti.
Např́ıklad [10] se zaměřuje na efektivńı monitorováńı anomálíı v proudu trajek-
toríı pohybuj́ıćıch se objekt̊u. V [38] je navržena metoda pro detekci časově
odlehlých objekt̊u v datech dopravńıho provozu s d̊urazem na historický trend
podobnosti. Pro každý časový okamžik je pro každý segment silničńı śıtě určena
jeho podobnost s ostatńımi segmenty a zaznamenána v jeho časovém vektoru
podobnosti. Odlehlé objekty jsou pak detekovány na základě výrazných změn
v těchto vektorech.
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Metody založené na vzdálenosti

Koncept objekt̊u odlehlých na základě vzdálenosti byl uveden v [31]. Objekt O
v datové sadě T je DB(p,D)-odlehlý (distance-based), jestliže alespoň množstv́ı
p objekt̊u z T lež́ı ve větš́ı vzdálenosti než D od objektu O. Jednou z uvedených
př́ıpadových studíı je právě detekce odlehlých trajektoríı. Trajektorie je zde
reprezentovaná jako celek v podobě vektoru sumárńıch charakteristik.

Uvažováńı trajektorie jako jeden celek v podobě nějaké sumárńı charakte-
ristiky však nedokáže odhalit neobvyklé chováńı objektu jen v některé části
jeho trajektorie, obzvláště jsou-li trajektorie př́ılǐs dlouhé [33]. Z tohoto d̊uvodu
je na metody detekce odlehlých trajektoríı kladen požadavek, aby uvažovaly
každou trajektorii např́ıklad jako množinu sub-trajektoríı. T́ımto př́ıstupem lze
identifikovat ty části trajektorie, které jej́ı odlehlost zp̊usobuj́ı. Př́ıklad odlehlé
sub-trajektorie je ukázán na obrázku 5.
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Abstract— Outlier detection has been a popular data mining
task. However, there is a lack of serious study on outlier detection
for trajectory data. Even worse, an existing trajectory outlier
detection algorithm has limited capability to detect outlying sub-
trajectories. In this paper, we propose a novel partition-and-detect
framework for trajectory outlier detection, which partitions a
trajectory into a set of line segments, and then, detects outlying
line segments for trajectory outliers. The primary advantage of
this framework is to detect outlying sub-trajectories from a tra-
jectory database. Based on this partition-and-detect framework,
we develop a trajectory outlier detection algorithm TRAOD. Our
algorithm consists of two phases: partitioning and detection. For
the first phase, we propose a two-level trajectory partitioning
strategy that ensures both high quality and high efficiency. For
the second phase, we present a hybrid of the distance-based
and density-based approaches. Experimental results demonstrate
that TRAOD correctly detects outlying sub-trajectories from real
trajectory data.

I. INTRODUCTION

An outlier is a data object that is grossly different from or

inconsistent with the remaining set of data [1]. It has been

known that “one person’s noise could be another person’s

signal.” Indeed, the outliers may be of particular interest, such

as for the detection of credit card fraud and the monitoring

of criminal activities in electronic commerce. There are many

outlier detection algorithms reported in the literature. They

can be classified into distribution-based [2], distance-based [3],

[4], [5], [6], density-based [7], [8], and deviation-based [9]

algorithms. Most of them are designed to detect outliers from

relational tuples (i.e., multi-dimensional point data).

Recent improvements in satellites and tracking facilities

have made it possible to collect a huge amount of trajectory

data of moving objects. Examples include vehicle positioning

data, hurricane tracking data, and animal movement data.

There is an increasing interest to perform data analysis over

trajectory data. Since outlier analysis is a popular data mining

task, a powerful outlier detection algorithm for trajectories is

needed urgently.

Despite its importance, trajectory outlier detection has not

been paid much attention. Knorr et al. [5] have presented

one of very few attempts. In this technique, a trajectory is

represented by a set of key features instead of a sequence of

points. That is, a trajectory is summarized by the coordinates

of the starting and ending points; the average, minimum, and

maximum values of the directional vector; and the average,

minimum, and maximum velocities. The distance function

is simply defined as the weighted sum of the difference

of these values. Then, a distance-based algorithm [3], [4],

[5] is applied to detecting trajectory outliers. This technique

compares trajectories as a whole; i.e., the basic unit of outlier

detection is the whole trajectory.

Our key observation is that comparing trajectories as a

whole, with help from the summary information, might not

be able to detect outlying portions of the trajectories. We note

that a trajectory may have a long and complicated path. Hence,

even though some portions of a trajectory show a unusual

behavior, these differences might be averaged out over the

whole trajectory.

Example 1: Consider the five trajectories in Figure 1. It is

obvious that the thick portion of a trajectory TR3 is quite

different from neighboring trajectories. However, the previous

technique [5] cannot detect this unusual behavior since the

differences are averaged out over the whole trajectory; i.e.,

the overall behavior of the trajectory TR3 is similar to those

of the neighboring trajectories. Thus, we miss this possibly

important information. �

TR5

TR1

TR4TR3

TR2

An outlying sub-trajectory

Fig. 1. An example of an outlying sub-trajectory.

Our solution is to partition a trajectory into a set of

line segments and then detect outlying line segments. This

framework is called a partition-and-detect framework. The

primary advantage of the partition-and-detect framework is

the detection of outlying sub-trajectories from a trajectory

database. This is exactly the reason why we partition a

trajectory into a set of line segments.

We contend that detecting the outlying sub-trajectories is

very useful. There are many examples in real situations. Here,

we present a possible application scenario.

Example 2: Meteorologists are trying to figure out the

cause of sudden changes in hurricane’s path [10]. Predicting

sudden changes is of prime importance since it is crucial

for issuing an evacuation order early. Hurricane Charley in

Obrázek 5: Př́ıklad odlehlé sub-trajektorie (převzato z [33]).

Hlavńı rozd́ıl mezi jednotlivými metodami z této oblasti spoč́ıvá v použité
vzdálenostńı funkci. Např́ıklad v [42] jsou jednotlivé sub-trajektorie porovnávány
pomoćı vzdálenostńı funkce, která vycháźı z Hausdorffovy vzdálenosti.

Za účelem detekce odlehlých shluk̊u trajektoríı, které mohou reprezentovat
např́ıklad dopravńı zácpu, je v [70] navržen algoritmus slučuj́ıćı př́ıstup založený
na vzdálenosti se shlukováńım. Algoritmus uvažuje trajektorie jako množinu
sub-trajektoríı. Každá sub-trajektorie je reprezentována pomoćı minimálńıho
obaluj́ıćıho kvádru (v angličtině Minimum Bounding Box, MBB), jehož dva
rozměry jsou dány prostorovými souřadnicemi a třet́ı rozměr je určen časovou
informaćı. Vzdálenost dvou trajektoríı je pak poč́ıtána z objemu pr̊uniku je-
jich MBB. Nad trajektoriemi je následně provedeno shlukováńı modifikaćı me-
tody DBSCAN. Pro každý shluk je vypočten stupeň jeho hustoty, který odlǐsuje
normálńı shluky od odlehlých.

Významným zástupcem metod založených na vzdálenosti je
”
partition-and-

detect“ rámec a algoritmus TRAOD na něm založený [33]. Algoritmus sestává ze
dvou fáźı. V prvńı fázi je každá trajektorie rozdělena na množinu sub-trajektoríı.
Za účelem zajǐstěńı efektivity a kvality zároveň je děleńı prováděno ve dvou
kroćıch: nejprve hrubým zp̊usobem a následně je pak děleńı patřičně zjemněno.
Děleńı podle jemné granularity prob́ıhá jen tehdy, může-li být daný úsek ve
výsledku identifikován jako odlehlý. Ve druhé fázi algoritmu prob́ıhá vlastńı pro-
ces detekce odlehlých trajektoríı kombinaćı př́ıstup̊u založených na vzdálenosti
a na hustotě. Trajektorie je považována za odlehlou, pokud obsahuje alespoň
určitý počet odlehlých sub-trajektoríı. Sub-trajektorie je odlehlá, pokud je bĺızká
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jen s určitým maximálńım počtem trajektoríı. Množina trajektoríı, které jsou
bĺızké ke konkrétńı sub-trajektorii, je určena pomoćı vzdálenostńı funkce, která
se skládá ze tř́ı složek: kolmé, paralelńı a úhlové vzdálenosti. Za účelem omezeńı
vlivu hustoty oblasti na posuzováńı odlehlosti sub-trajektorie je zaveden tzv.
upravuj́ıćı koeficient, kterým je násoben zjǐstěný počet bĺızkých trajektoríı.

Metody založené na klasifikaci

Metody založené na klasifikaci jsou zástupcem metod učeńı s učitelem, kdy
detekce odlehlých trajektoríı prob́ıhá podle modelu vstupńıch dat, který muśı
být vytvořen na základě trénovaćı datové sady. Nevýhodou těchto metod může
být silná závislost výsledk̊u na kvalitě trénovaćı množiny. Výhodou je oproti
metodám učeńı bez učitele časová efektivita procesu detekce.

V [53] je pro detekci odlehlých trajektoríı využito principu neuronových śıt́ı.
Trénováńı prob́ıhá nad celými trajektoriemi, které jsou transformované na vek-
tory rys̊u, které maj́ı za úkol reprezentovat nejen prostorové pozice, ale i rychlost
a zrychleńı pohybu.

Př́ıstup kombinuj́ıćı shlukováńı a klasifikaci pomoćı SVM klasifikátoru za
účelem nalezeńı odlehlých trajektori je navržen v [58].

Metoda ROAM, navržená v [36], zastupuje ucelený rámec, jenž je určený
pro detekci anomálíı v datech pohybuj́ıćıch se objekt̊u. Celý proces procháźı
postupně třemi moduly. Nejprve jsou ze vstupńıch trajektoríı kombinaćı me-
tody klouzavého okna a shlukováńı extrahovány společné vzory, tzv. motify.
Každý motif reprezentuje nějaký typický vzor pohybu, např́ıklad odbočeńı do-
prava, otočeńı a podobně. Každá trajektorie je pak reprezentována jako sek-
vence výskyt̊u r̊uzných motif̊u. Př́ıklad dvou trajektoríı po extrakci motif̊u
je zobrazen na obrázku 6. Trajektorie v pravé části obrázku má oproti levé
trajektorii nav́ıc výskyt motifu m1. Ve druhé fázi je každému výskytu motifu
přǐrazena množina odpov́ıdaj́ıćıch atribut̊u, kterými jsou pozice a čas výskytu,
př́ıpadně některé daľśı jako rychlost pohybu a podobně. Množina všech motif̊u
tvoř́ı hierarchický prostor rys̊u. Trajektorie se tak stává vektorem rys̊u v tomto
novém prostoru. Takto transformované trajektorie jsou klasifikovány pomoćı
klasifikátoru založeného na pravidlech, který pracuje nad vytvořeným hierar-
chickým prostorem rys̊u.

detection: classification, which relies on labeled training
data sets, and clustering, which performs automated
grouping without the aid of training data. Although
both are interesting methods for mining moving object
outliers, classification often leads to stronger mining
results with the help of training data. Therefore, our
focus will be on constructing a classification model.

1.1 Problem Definition The problem of anomaly
detection in moving object data is defined as follows.
The input data is a set of labeled trajectories: D =
{(t1, c1), (t2, c2), . . .}, where ti is a trajectory and ci is
the associated class label. A trajectory1 is a sequence
of spatiotemporal records of a moving object, e.g., GPS
records. Each record has the geographic location as well
as a timestamp, and records can be made at arbitrary
time intervals. The set of possible class labels is
C = {c1, c2, . . .}. In simple anomaly detection, there
could just be two classes: cnormal and cabnormal.

The goal of the problem is to learn a function f
which maps trajectories to class labels: f(t) → c ∈
C. f should be consistent with D as well as future
trajectories not in D. In other words, we want to learn
a model which can classify trajectories as being normal
or abnormal.

1.2 Contributions In this paper, we propose a
framework, called ROAM (Rule- and Motif-based
Anomaly Detection in Moving Objects), for the prob-
lem of anomaly detection. Compared to related work
in classification or clustering of moving objects, ROAM
incorporates a fuller feature space and examines more
than just trajectories. At a high level, ROAM presents
three novel features.

1. Motif-based feature space: Instead of model-
ing whole trajectories, we partition them into frag-
ments (motifs) and construct a multi-dimensional
feature space oriented on the motifs with associated
attributes.

2. Automated hierarchy extraction: By examining
the patterns in the trajectories, we automatically
derive hierarchies in the feature space. This yields a
multi-resolution view of the data.

3. Hierarchical rule-based classifier: We develop a
rule-based classifier which explores the hierarchical
feature space and finds the effective regions for
classification.

1Trajectory in this paper is just data and does not imply path

prediction.

The rest of the paper is organized as follows. Sec-
tion 2 presents some key insights in ROAM. In Section
3, we introduce the overall framework. Experimental
results are shown in Section 4. Section 5 addresses the
related work. And we conclude the study in Section 6.

2 Key Insights

There have been some prior work in the area of trajec-
tory prediction [16, 15]. Markov models or other sequen-
tial models can model a single trajectory and predict its
future behavior. However, when used in the context of a
large population with many different distributions, such
approaches may not be effective.

Example. Consider the two trajectories in Fig. 1(a).
They have similar shapes except the one on the right
has an extra loop. The impact of this additional loop
depends on the task, but one would remark that the
other portions are remarkably similar.

(a) Two similar trajectories. The loop in the

right trajectory is difficult to handle in holistic

approaches.

4
m

4
m

4
m

4
m

m
1

m
2

m
2

(b) Same two trajectories after motif extraction. The

right trajectory has an extra m1.

Figure 1: Motif representation

This example presents some problems for holistic
models. It is difficult to represent the semantics of
“mostly the same with the exception of an extra loop”
using distance metrics between models. Local differ-
ences could either dominate the metric or be drowned
out by the rest of trajectory. Furthermore, it is difficult
to capture thousands or tens of thousands of trajecto-
ries in a single model. While a single object or a small
set may have clear patterns, a large population (such as
in real-world anomaly detection) presents a wide range
of patterns across all granularities of time and space
signals.

Obrázek 6: Př́ıklad dvou trajektoríı po extrakci motif̊u (převzato z [36]).
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Př́ıstup založený na vyv́ıjej́ıćı se mı́̌re odlehlosti

Pro detekci odlehlých trajektoríı již v pr̊uběhu jejich vývoje je v [13] navržena
metoda nazvaná TOP-EYE. Tato metoda umožňuje, při vhodně nastavených
vstupńıch parametrech, identifikovat odlehlé trajektorie v reálném čase a vy-
varovat se velkého množstv́ı planých poplach̊u, které mohou být zp̊usobené
např́ıklad šumem ve vstupńıch datech.

Algoritmus uvažuje sledovaný prostor jako pravidelnou mř́ıžku malých buněk.
Každá buňka je dále členěna do 8 směrových výseč́ı, kde každá výseč odpov́ıdá
úhlu π/4. Ćılem tohoto děleńı je sumarizovat směrovou informaci trajektoríı
procházej́ıćıch konkrétńı buňkou jako vektor osmi hodnot, které vyjadřuj́ı prav-
děpodobnosti pohybu objektu v osmi r̊uzných směrech. Tato metoda vyžaduje
trénovaćı datovou množinu, na jej́ımž základě je vypočtena hustota jednot-
livých buněk. Analýzou každé trajektorie z této datové množiny jsou navýšeny
odpov́ıdaj́ıćı hodnoty směrového vektoru u buněk, kterými daná trajektorie
procháźı.

Pro každou novou trajektorii pak algoritmus pr̊uběžně poč́ıtá okamžitou
mı́ru odlehlosti. Mı́ru odlehlosti je možné sledovat podle směru trajektorie nebo
podle hustoty buněk. Hlavńı myšlenkou algoritmu TOP-EYE je postupně v čase
akumulovat okamžité mı́ry odlehlosti s t́ım, že vliv předchoźıch měr odleh-
losti je snižován prostřednictv́ım exponenciálńı funkce v závislosti na čase.
T́ımto zp̊usobem je možné pozorovat postupný vývoj mı́ry odlehlosti trajektorie
v pr̊uběhu pohybu objektu. Při vhodně nastaveném parametru, který určuje hra-
nici mezi odlehlými a normálńımi trajektoriemi, je tato mı́ra odlehlosti odolná
v̊uči planým poplach̊um. Jako hlavńı nevýhodu této metody lze považovat, že
sledovaná oblast je uvažována jako pravidelná mř́ıžka.

2.6 Sémantické trajektorie

Většina praćı zabývaj́ıćıch se aplikaćı metod dolováńı z dat na trajektorie po-
hybuj́ıćıch se objekt̊u se zaměřuje zejména na časoprostorové geometrické rysy
trajektoríı. Tyto metody však vedou většinou na źıskáváńı geometrických vzor̊u,
které nemuśı odhalit některé vztahy zaj́ımavé z pohledu konkrétńı aplikačńı
domény. Některé analytické dotazy týkaj́ıćı se chováńı pohybuj́ıćıch se objekt̊u
je možné zodpovědět pouze při uvažováńı trajektoríı včetně jejich sémantiky [2].

Sémantické rysy trajektorie jsou, na rozd́ıl od rys̊u geometrických, aplikačně
závislé, mohou být nezávislé na prostorových souřadnićıch a mohou se vysky-
tovat v ř́ıdkých oblastech bez geometrických podobnost́ı s ostatńımi trajektori-
emi [8]. Sémantické rysy typicky odkazuj́ı na geografické či doménově specifické
informace. Sémantické vzory jsou z uživatelského pohledu ve srovnáńı s geo-
metrickými vzory v́ıce pochopitelné a lépe interpretovatelné, a to právě d́ıky
uvažováńı koncept̊u z aplikačńı domény. Sémantika tak může hrát d̊uležitou
roli při analýze trajektoríı a źıskáváńı znalost́ı z nich [1]. Na obrázku 7 je
znázorněn př́ıklad trajektorie před a po přidáńı sémantické informace pro účely
dvou r̊uzných aplikaćı. Sémantická trajektorie v těchto př́ıpadech propojuje
časoprostorovou reprezentaci trajektorie se sémantickou geografickou informaćı.
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Obrázek 7: Př́ıklad časoprostorové trajektorie (1) a odpov́ıdaj́ıćı sémantické
trajektorie pro turisticky zaměřenou aplikaci (2) a pro dopravńı aplikaci (3)
(převzato z [46]).

Sémantické trajektorie jsou založeny na konceptu zastaveńı (anglicky stop)
a pohyb̊u (anglicky move), který byl poprvé představen v [62]. Zastaveńı repre-
zentuj́ı d̊uležitá mı́sta trajektorie, kde objekt z̊ustal po určitou minimálńı dobu.
Pohyby jsou pak části trajektorie ohraničené jednotlivými po sobě následuj́ıćımi
zastaveńımi. Zastaveńı odpov́ıdaj́ı zaj́ımavým mı́st̊um v prostoru (také nazýva-
ným prostorové rysy), která jsou určená konkrétńı aplikaćı. Sémantická trajekto-
rie pak může být definována jako konečná posloupnost položek 〈I1, I2, . . . , In〉,
kde každá položka Im je zastaveńı nebo pohyb [7]. Tento model byl dále využit
pro sémantické obohaceńı trajektoríı geografickými či aplikačně specifickými in-
formacemi, např́ıklad v [1], [15] nebo [66]

2.6.1 Metody pro sémantické obohaceńı trajektoríı

Pro obohaceńı trajektorie o sémantické informace je nutné strukturovat trajek-
torii na posloupnost zastaveńı a pohyb̊u. Kĺıčovým problémem je zde rozhod-
nut́ı, zda konkrétńı časoprostorový bod trajektorie patř́ı do zastaveńı nebo do
pohybu trajektorie.

Pro účely identifikace zastaveńı trajektorie, tedy významných mı́st trajekto-
rie z pohledu konkrétńı aplikačńı domény, je možné zvolit r̊uzné př́ıstupy. Jedńım
z nich je např́ıklad DJ-Cluster [73], který je variantou shlukovaćıho algoritmu
DBSCAN a jehož ćılem je naj́ıt zaj́ımavá mı́sta jednotlivých trajektoríı. Hlavńı
nevýhodou této metody je, že neuvažuje časovou dimenzi.

Různé algoritmy byly navrženy př́ımo pro nalezeńı zastaveńı a pohyb̊u tra-
jektoríı. Ve zbytku této sekce budou tyto metody postupně stručně popsány.

IB-SMoT [1]

Vstupem totoho algoritmu je množina trajektoríı a konkrétńı aplikace sestávaj́ıćı
z množiny kandidátńıch zastaveńı. Kandidátńı zastaveńı je dvojice (R,∆), kde R
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je geometrie zastaveńı definovaná pomoćı polygonu ve dvourozměrném prostoru
a ∆ je minimálńı doba zastaveńı. Výstupem algoritmu je množina zastaveńı
a množina pohyb̊u.

Algoritmus IB-SMoT (Intersection-Based Stops and Moves of Trajectories)
pro každý bod trajektorie s využit́ım prostorového indexu ověřuje, zda bod lež́ı
uvnitř geometrie nějakého kandidátńıho zastaveńı. Pokud tomu tak je, dojde
k ověřeńı, zda doba, po kterou trajektorie danou geometrii prot́ıná, je alespoň
stejně dlouhá jako minimálńı doba setrváńı v daném kandidátńım zastaveńı.
V kladném př́ıpadě je kandidátńı zastaveńı považováno jako zastaveńı a je za-
znamenáno. Úsek trajektorie mezi předchoźım a aktuálńım zastaveńım je zazna-
menán jako pohyb. Předchoźı zastaveńı může být prázdné, pokud je aktuálńı
zastaveńı prvńım zastaveńım dané trajektorie. Pro př́ıpadné budoućı prostorové
analýzy pohyb̊u je spolu s pohybem zaznamenávána i jeho geometrie a časové
raźıtko.

CB-SMoT [54]

Nevýhodou algoritmu IB-SMoT může být, že některá d̊uležitá zastaveńı, která
mohou vést např́ıklad k objeveńı zaj́ımavých vzor̊u, nemuśı být nalezena, po-
kud jim neodpov́ıdá žádné kandidátńı zastaveńı konkrétńı aplikace. Př́ıkladem
je třet́ı trajektorie na obrázku 7. Trajektorie obsahuje dvě husté části (označené
jako neznámá zastaveńı), kterým ale v dané aplikaci neodpov́ıdá žádné kan-
didátńı zastaveńı.

Algoritmus CB-SMoT (Clustering-Based Stops and Moves of Trajectories)
je založen na shlukováńı jednotlivých trajektoríı podle změn rychlosti pohybu
a snaž́ı se tak odhalit i neznámá zastaveńı. Tento algoritmus vycháźı z myšlenky,
že části trajektorie, v nichž je rychlost pohybu výrazně nižš́ı než v jiných částech
stejné trajektorie, odpov́ıdaj́ı zaj́ımavým mı́st̊u. Algoritmus pracuje ve dvou
kroćıch. V prvńım kroku jsou pomoćı modifikace algoritmu DBSCAN, který
shlukuje na základě hustoty, identifikována potenciálńı zastaveńı. Shlukováńı
prob́ıhá vždy pouze v rámci jedné trajektorie na základě změn rychlosti pohybu.
Ve druhém kroku algoritmus urč́ı prostorové umı́stěńı potenciálńıch zastaveńı
(shluk̊u) a ověř́ı pr̊useč́ıky a minimálńı dobu trváńı s kandidátńımi zastaveńımi
aplikace. Pokud potenciálńı zastaveńı neprot́ıná geometrii žádného kandidátńıho
zastaveńı, je označeno jako neznámé zastaveńı.

DB-SMoT [59]

V některých aplikaćıch může být žádoućı identifikovat zaj́ımavá mı́sta trajekto-
rie na základě změn směru pohybu. Pro tento účel může být použit algoritmus
DB-SMoT (Direction-Based Stops and Moves of Trajectories). Vstupem algo-
ritmu je množina trajektoríı, minimálńı změna směru, minimálńı doba trváńı
a maximálńı tolerance.

Algoritmus nejprve pro každé dva po sobě jdoućı body trajektorie vypoč́ıtá
změnu směru. Následně je v rámci trajektorie provedeno shlukováńı, přičemž
nalezené shluky odpov́ıdaj́ı zastaveńım trajektorie. Části trajektorie, které lež́ı
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mimo nalezené shluky, jsou označeny jako pohyby trajektorie. Při shlukováńı
prob́ıhá postupné ověřováńı, zda změna směru mezi dvěma následuj́ıćımi body
trajektorie je alespoň stejně velká jako hodnota minimálńı změny směru. Do-
kud tomu tak je, jsou body přidávány do stejného shluku. Jakmile změna směru
nevyhovuje podmı́nce minimálńı změny směru, je vzhledem k maximálńı tole-
ranci ověřeno, zda tato nedostatečná změna směru neńı zp̊usobena náhodně,
např́ıklad šumem. Pokud tomu tak neńı, je aktuálńı shluk uzavřen a je ověřeno,
zda vyhovuje omezeńı na minimálńı dobu trváńı zastaveńı. Pokud daný shluk
splňuje všechna omezeńı, je označen jako zastaveńı.

Daľśı metody

V [66] a [68] jsou pro identifikaci zastaveńı a pohyb̊u trajektorie popsány algo-
ritmy založené na rychlosti, na hustotě a na analýze časové řady.

Hlavńı myšlenkou algoritmu založeného na rychlosti je určovat zastaveńı
a pohyby podle prahové hodnoty rychlosti ∆speed. Jestliže je okamžitá rychlost
pohybu nižš́ı než ∆speed, je daný bod považován za součást zastaveńı, v opačném
př́ıpadě patř́ı do pohybu. Kromě toho je u každého zastaveńı kontrolováno, zda
jeho doba trváńı je alespoň stejně velká jako hodnota minimálńı doby trváńı
zastaveńı za účelem vyhnut́ı se náhodnému sńıžeńı rychlosti, které může být
zp̊usobeno např́ıklad krátkodobou dopravńı zácpou a podobně. Problémem této
metody může být určeńı správné hodnoty ∆speed, která by měla být definovaná
sṕı̌se dynamicky vzhledem ke konkrétńı aplikaci, např́ıklad na základě pr̊uměrné
rychlosti pohybuj́ıćıho se objektu, pr̊uměrné rychlosti pohybu v daném mı́stě
a podobně.

Algoritmus založený na hustotě kromě rychlosti pohybu uvažuje také ma-
ximálńı vzdálenost, kterou může pohybuj́ıćı se objekt urazit během určité doby.

Algoritmus založený na analýze časové řady vycháźı z [67], kde je představen
př́ıstup pro modelováńı śıt’ově omezených trajektoríı za pomoci časových řad.
Navržený model může být následně využit pro predikci rychlosti pohybu a lze ho
tak využ́ıt pro identifikaci zastaveńı trajektorie. Jestliže se predikovaná rychlost
výrazně lǐśı od rychlosti skutečné, může se jednat o zastaveńı.

3 Dolováńı v trajektoríıch extrahovaných z vi-
dea

Dohledové kamerové systémy jsou v současné době široce použ́ıvány v r̊uzných
prostřed́ıch a pro r̊uzné účely jako je monitorováńı dopravy, sledováńı par-
kovǐst’, národńı bezpečnost, prevence kriminality a daľśı. Takové systémy ne-
ustále pořizuj́ı velké množstv́ı video dat, která je potřeba efektivně zpracovávat a
analyzovat. Manuálńı monitorováńı prostřednictv́ım lidských operátor̊u se kv̊uli
velkému objemu video dat stává nezvládnutelné, únavné a nespolehlivé. Toto
se projevuje zejména v př́ıpadě multikamerových systémů, obzvláště pokud v́ıce
kamer sd́ıĺı jeden monitor. Proces monitorováńı a analýzy video dat tak vyžaduje
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automatizovanou podporu využ́ıvaj́ıćı metody poč́ıtačového viděńı, strojového
učeńı a dolováńı z dat.

Myšlenkou celého procesu automatické analýzy video dat z dohledových ka-
mer je pochopeńı chováńı pohybuj́ıćıch se objekt̊u. Tento ćıl vyžaduje extrakci
významných informaćı v podobě časoprostorových a vizuálńıch rys̊u objekt̊u, je-
jich vhodnou reprezentaci a interpretaci za účelem naučeńı se obvyklému chováńı
objekt̊u a rozpoznáváńı jejich aktivit. Dosažeńı tohoto ćıle však nemuśı být
př́ımočaré a z mnoha d̊uvod̊u se stává náročným úkolem, který je výzvou pro
současný výzkum v této oblasti. Dohledové systémy obvykle maj́ı složitou struk-
turu a mohou monitorovat velkou škálu r̊uzných prostřed́ı, z nichž vyvstávaj́ı
r̊uzná omezeńı a velké množstv́ı r̊uzných aktivit [50, 56].

Chováńı pohybuj́ıćıho se objektu se ve velké mı́̌re projevuje na trajektorii
jeho pohybu. Pohyb objektu však může být popsán na r̊uzných úrovńıch abs-
trakce. Na nejnižš́ı úrovni se jedná o trajektorii v podobě sekvence časoprosto-
rových pozic, která je výstupem procesu sledováńı objekt̊u. T́ımto zp̊usobem
je pohyb popsaný pomoćı ńızkoúrovňových rys̊u. Pro popis pohybu objektu
pomoćı rys̊u na vyšš́ı úrovńı abstrakce jako jsou konkrétńı události, aktivity
nebo chováńı je většinou potřeba využ́ıt i určitých doménových znalost́ı a je-
jich manuálńı specifikace. Častým požadavkem na analýzu chováńı pohybuj́ıćıch
se objekt̊u je však automatické vytvořeńı modelu sledované oblasti (scény),
což vyžaduje využit́ı metod strojového učeńı bez učitele [51]. Proto se nelze
spoléhat na doménově specifické znalosti a využ́ıt sṕı̌se popisu pohybu formou
časoprostorových trajektoríı, jež jsou výstupem sledováńı objekt̊u. Tento př́ıstup
je podpořen i faktem, že typické pohybové vzory se často opakuj́ı, zat́ımco
mnoho zaj́ımavých aktivit se vyskytuje sṕı̌se zř́ıdka [50]. Na základě rozsáhlé
sady trajektoríı, v ńıž tedy převažuj́ı opakuj́ıćı se pohyby, jsme schopni automa-
ticky sestavit model chováńı a aktivit objekt̊u ve scéně a tento model následně
využ́ıt v procesu analýzy aktivit. Celý tento proces je znázorněn na obrázku
8. Každý objekt ve videu je nejprve detekován (blok Object Detection) a sle-
dován (blok Tracking). Výstupem jsou trajektorie, které mohou být využity
pro modelováńı scény (blok Scene Modeling) a pro analýzu aktivit (blok Acti-
vity Analysis). Výstupem analýzy aktivit objekt̊u je pak anotované video.
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TABLE I
TRAJECTORY ANALYSIS TERMS AND DEFINITIONS

Fig. 2. Activity analysis block diagram: trajectories are used to automatically
build a scene model which describes the surveillance situation and provides ac-
tivity annotation.

first defining points of interest (POIs) as image regions where
interesting events occur and the second learning stage defines
activity paths (APs) which characterize how objects travel be-
tween POIs. By learning the POI and AP, a vocabulary to ana-
lyze an arbitrary scene is constructed in an unsupervised fashion
based on the data. This vocabulary allows the following key
analysis: classification of past and current activity, detection of
abnormal activities, prediction of future activities, and charac-
terization of interactions between objects, all of which can be
performed in an online fashion on live video, which is para-
mount for active surveillance.

The main tasks involved in POI/AP learning are:
• activity learning—comparing trajectories in a manner that

preserves the intuitive notion of similarity in spite of length
mismatch;

• adaption—developing techniques to manage POI/AP
models. They must be adapted online for the introduction
of new activities, remove old activities with no support,
and have model validation;

• feature selection—determining the correct level of dy-
namic representation necessary for a particular task. It is
sufficient to use spatial information to determining what
lane a vehicle travels but velocity information might be
necessary for accident detection.

The POI/AP framework has successfully been used in many
application domains, which are summarized in Table II. The in-
telligent transportation community has used the AP framework
to model road lanes. By learning lanes, highway flow and con-
gestion can be monitored [4], [5], the frequency of lane changes
is estimated, the origin and destination (OD) information of ve-
hicles at intersections can be mapped [6], and cameras can even
be automatically calibrated [7]. The movements of people both

indoors and outdoors have been extensively studied to deter-
mine where people tend to travel. Parking lots have been mon-
itored to ensure proper use by detecting unusual driving pat-
terns [8] and people loitering around parked vehicles [9], [10].
New exciting work has come forward to analyze interactions
between humans, vehicles, and infrastructure, allowing moni-
toring of suspicious meetings [1] and luggage drops as well as
characterization of conflicts for road safety [12]–[15]. Here sus-
picious meetings or luggage drops may be monitored as well as
characterization of the conflicts for safety on shared roads.

It is important to note that POI/AP techniques require only
tracking information, meaning that activity is defined by mo-
tion (or lack of motion when an object stops). Ancillary infor-
mation sources must be used to describe more complex activi-
ties (higher level analysis). In order to distinguish a biker from
a jogger, appearance information might be needed and environ-
mental knowledge utilized to recognize the difference between
people queuing at an ATM and vehicles at a stop sign.

III. AUTOMATIC SCENE MODELING

The following sections describe the semantic scene model
introduced by Makris and Ellis [23]. A scene is modeled with a
topographical map consisting of nodes and edges (Fig. 3). The
nodes of the graph correspond to POIs while the edges, denoted
as APs, encode the activity of an object.

A. Tracking

Tracking requires the identity maintenance of each observ-
able object in every frame. An object tracked over frames
generates a sequence of inferred tracking states

(1)

where can depict things such as position, velocity, appear-
ance, shape, or other object descriptors. This trajectory informa-
tion forms the basic building block for further behavioral anal-
ysis. Through careful examination of these signatures, activity
can be recognized and understood.

Although tracking is well studied, there are still many dif-
ficulties due to perspective effects, occlusion, and real-time
adaptability to changing conditions. These cause errors in the
form of noisy measurements and incomplete or broken trajecto-
ries which must be accounted for by the scene learning process.

Obrázek 8: Blokový diagram procesu analýzy aktivit pohybuj́ıćıch se objekt̊u ve
videu (převzato z [50]).
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Základem modelu scény nejčastěji bývá topologický popis zaj́ımavých nebo
význačných mı́st ve scéně a cest, které objekty použ́ıvaj́ı k pohybu mezi jednot-
livými význačnými mı́sty. Učeńı modelu scény je v takovém př́ıpadě zaměřeno
na identifikaci a popis význačných mı́st a cest mezi nimi. Výsledný model pak
popisuje rutinńı chováńı objekt̊u pohybuj́ıćıch se sledovanou oblast́ı. Snaž́ı se
modelovat sémantiku pohybu ve scéně a poskytnout tak podporu pro pochopeńı
a analýzu chováńı objekt̊u na vyšš́ı úrovni abstrakce [43]. Slouž́ı jako spojovaćı
vrstva mezi dvěma úrovněmi zpracováńı a analýzy video dat, která sb́ırá a or-
ganizuje ńızkoúrovňová data o pohybu objekt̊u do abstraktěǰśı reprezentace, jež
umožňuje analýzu aktivit na vyšš́ı úrovni abstrakce [56]. Model pak umožňuje
např́ıklad klasifikaci a rozpoznáváńı pohybových aktivit, predikci budoućıch ak-
tivit a detekci abnormálńıch nebo podezřelých aktivit objekt̊u.

Jedńım z d̊uležitých požadavk̊u na vytvářený model přitom je, aby umožňoval
také efektivńı online prováděńı jednotlivých analytických úloh. Mezi daľśı poža-
davky na modelováńı pohybu objekt̊u patř́ı odolnost v̊uči nekvalitńımu výstupu
sledováńı objekt̊u, schopnost pr̊uběžně se přizp̊usobovat měńıćım se podmı́nkám
prostřed́ı, vhodná volba reprezentace trajektoríı a vhodný zp̊usob jejich vzájem-
ného porovnáváńı [50].

Takto popsaný model je vytvořen pouze na základě pohybu objekt̊u, což
umožňuje jeho obecné použit́ı v r̊uzných monitorovaných prostřed́ıch. V někte-
rých př́ıpadech však nemuśı být takový popis dostatečný pro rozlǐseńı všech
aktivit specifických pro konkrétńı aplikačńı doménu, a proto může být žádoućı
proces analýzy aktivit rozš́ı̌rit o uvažovańı daľśıch, např́ıklad vizuálńıch rys̊u
pohybuj́ıćıch se objekt̊u.

Tato kapitola je zaměřena na popis existuj́ıćıch metod pro modelováńı cho-
váńı objekt̊u na základě trajektoríı extrahovaných z dohledového videa bez nut-
nosti doménově specifických znalost́ı daných konkrétńı aplikaćı. Obecný rámec
pro analýzu trajektoríı objekt̊u ve videu, na jehož základě je tato kapitola dále
strukturována, je ilustrován na obrázku 9.

3.1 Modelováńı sledované oblasti

Sémantický model sledované oblasti, neboli scény, reprezentuj́ıćı prostorové uspo-
řádáńı scény byl představen v [43]. Tento model se snaž́ı popsat aktivity po-
hybuj́ıćıch se objekt̊u vzhledem k prostorovým rys̊um scény (např́ıklad vchod
či východ, r̊uzné překážky a podobně). Důležitou vlastnost́ı tohoto modelu je
jeho pravděpodobnostńı charakter, což může do jisté mı́ry odstraňovat chyby
vznikaj́ıćı při sledováńı objekt̊u a neurčitost zp̊usobenou vzorkováńım pohybu a
zároveň je tak vytvořen pravděpodobnostńı rámec pro analýzu aktivit a chováńı
objekt̊u.

Model scény zjednodušeně sestává z význačných mı́st scény, které odpov́ıdaj́ı
prostorovým lokaćım spojeným s nějakými zaj́ımavými událostmi a z cest ob-
jekt̊u, které charakterizuj́ı pohyb objekt̊u mezi těmito význačnými mı́sty. Scéna
je pak reprezentována na dvou úrovńıch, a to v podobě topografické mapy a
topologického grafu [43]. Topografická mapa popisuje jednotlivé prvky scény
z hlediska jejich prostorových vlastnost́ı. Topologická reprezentace ukazuje scénu
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random but have some underlying structure which has
been exploited to build models that allow for accurate
inferencing.

Pioneering work by Johnson and Hogg [10] described
outdoor motions with a flow vector and learned implicit
temporal relationships using a leaky neural network. The
leaky network was modified with feedback between output
nodes and the leaky neurons to enable prediction by
Sumpter and Bulpitt [11]. Owens and Hunter [12] extended
this idea using a self-organizing feature map to further
detect abnormal behavior. Unfortunately, the neural net-
work implementations required difficult fine tuning of
parameters and large amounts of data which resulted in
slow convergence.

By utilizing a complete trajectory as input for clustering,
Hu et al. drastically improved the learning process speed
[13]. This explicitly enforeced the sequential nature of
trajectory observation points and allowed researchers to
extend the modeling to detect abnormalities and make
predictions by utilizing previously observed motion [7],
[14], [15], [16]. Multilayered learning approaches have been
developed to first model the spatial extent then dynamics of
an activity [15]. Junejo et al. characterized an activity by its
extent, the traversal speed, as well as the amount curvature.
Makris and Ellis [17] developed an online method for
building up spatial envelopes for each activity. Others have
learned the smaller action groups and connected them
within a Markov model [18] or tree-like structure [19]. By
learning actions, new activities branch out from existing
models (natural for online learning) and enable efficient
learning through the use of shared data.

In stark contrast, others have completely ignored the
inherent ordering in a trajectory. Rather than require full
trajectories, which are difficult to obtain due to scene
clutter and occlusion, only interframe motion is considered
for bag-of-word type learning methods. Stauffer and
Grimson created a codebook of motion flows and learned
the co-occurrence of motions. Similarly, drawing inspira-
tion from document clustering research, Wang et al. [20],
[21], [22] have developed hierarchical Bayesian models to
group co-occurring motions into actions and activities,
jointly and without supervision. Xiang and Gong [23] were
able to segment videos into clips of different activities
based on the spectral similarity of behaviors.

A more detailed examination of techniques is presented
in the review by Morris and Trivedi [24], which highlights a
wide range of applications, challenges, and common
approaches to trajectory learning and modeling. They
emphasize not only the learning framework but also
trajectory representation [25], [26], [27] and similarity
metrics for comparison [28], [29].

This work presents a new multilevel trajectory learning
framework which is capable of automatically estimating the
number of activities in a scene and adapts to changes over
time. Thorough evaluation of performance, lacking in related
studies, is presented to characterize analysis performance.

3 TRAJECTORY LEARNING FRAMEWORK

This paper adopts the general probabilistic trajectory
analysis framework, shown in Fig. 1, to automatically learn

and describe activity. At the front end, a vision-based
background subtraction module detects moving objects and
a tracking process creates trajectories which are the main
input for activity inferencing [7]. Coarse body motion is
utilized as a reliable low level feature which can describe
how an agent moves through a visual scene. A trajectory is
a sequence of T flow vectors:

F ¼ ff1; . . . ; ft; . . . ; fTg; ð1Þ

ft ¼ ½xt; yt; ut; vt�T; ð2Þ

where flow vector ft compactly represents an object’s
motion at time t by the ðx; yÞ position and corresponding
component velocities ðu; vÞ.

During the initial observation and learning phase,
trajectories are collected to create a measurement database.
The trajectory database is clustered to find similar motion
patterns without specifying those of interest. Finally, the
groups of similar trajectories are probabilistically modeled
to populate an activity database for inferencing.

A key for designing an effective learning framework is to
examine and limit the types of behaviors to be analyzed. This
work is concerned with simple activities composed of
smaller actions which are performed by a single agent. More
complex behaviors, e.g., interactions between agents, are left
for future studies. As shown in Fig. 2, an activity is defined
by a sequence of atomic actions and a trajectory is the
observable measurement that summarizes activity history.

An activity can be decomposed at different resolutions to
answer specific analysis questions. An activity can be
characterized by four main components (left side of Fig. 3)
that form an explanation hierarchy with each level provid-
ing a more refined activity description. Each of the levels is
briefly described to highlight its analysis importance.

Level 1 (Node). A simple compact representation of the
interesting endpoints (origin and destination information is
used by the transportation community to understand to and
from where people travel).

Level 2 (Spatial). Different routes between nodes spatially
localize differing activities and separates the straight route
from a more round about approach.
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Fig. 1. The general framework for trajectory analysis. During the
observation (training) phase, trajectories are clustered and modeled.
The learned set of typical patterns are used for live activity analysis in
the online evaluation phase.

Obrázek 9: Obecný rámec pro analýzu trajektoríı objekt̊u ve videu (převzato
z [51]).

v podobě grafu, jehož uzly odpov́ıdaj́ı význačným mı́st̊um a hrany odpov́ıdaj́ı
cestám objekt̊u. Topografická reprezentace tak odráž́ı prostorovou povahu mo-
delu, zat́ımco topologická reprezentace určitým zp̊usobem zachycuje pravděpo-
dobnostńı povahu pohybu objekt̊u ve scéně.

3.1.1 Sledováńı objekt̊u

Ćılem procesu sledováńı objekt̊u (anglicky object tracking) je extrahovat z videa
data popisuj́ıćı pohyb objekt̊u ve sledované oblasti. Výstup sledováńı objekt̊u je
obvykle tvořen trajektoriemi v podobě sekvenćı časoprostorových pozic, může
ale zahrnovat také daľśı rysy objekt̊u, např́ıklad rychlost pohybu, tvary objekt̊u
a podobně.

Ačkoliv se jedná o relativně dobře prostudovanou oblast, jedná se stále
o složitou úlohu, která naráž́ı na mnoho problémů zp̊usobených např́ıklad pře-
krýváńım objekt̊u nebo zkresleńım velikosti objekt̊u vlivem perspektivńı pro-
jekce. Výsledné trajektorie tak mohou být ovlivněné šumem, mohou být ne-
kompletńı nebo přerušené a podobně. Tento aspekt by proto měl být při učeńı
se modelu scény brán v potaz.

Podrobněǰśı informace o sledováńı objekt̊u a popis metod použ́ıvaných v do-
hledovém videu lze naj́ıt např́ıklad v [69] nebo [23].
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3.1.2 Význačná mı́sta

Prvńım krokem při modelováńı scény je identifikace zaj́ımavých prostorových
lokaćı, které budou odpov́ıdat uzl̊um topologického grafu scény. Jako zaj́ımavá
nebo význačná mı́sta (v angličtině points of interest nebo regions of interest)
lze uvažovat vstupńı nebo výstupńı mı́sta a mı́sta zastaveńı.

Vstupńı mı́sta a výstupńı mı́sta popisuj́ı prostorové lokace, kde objekty vstu-
puj́ı do nebo vystupuj́ı z oblasti sledované kamerou. Pro modelováńı těchto mı́st
je nejčastěji využ́ıván dvourozměrný Gaussian Mixture Model (GMM), k jehož
učeńı je použito algoritmu Expectation-Maximization (EM) [6]. Vstupńı da-
tová sada pro natrénováńı modelu vstupńıch, resp. výstupńıch mı́st je tvořena
počátečńımi, resp. koncovými body trajektorie. Každé mı́sto je pak reprezen-
tována jednou komponentou (shlukem) př́ıslušného GMM modelu. Problémem
tohoto př́ıstupu může být určeńı počtu vstupńıch a výstupńıch mı́st. V [43] je
tento problém řešen nadhodnoceńım počtu hledaných mı́st algoritmem EM. Ve
výsledném modelu jsou pak ponechány pouze ta mı́sta, která maj́ı dostatečnou
hustotu (na základě zvolené prahové hodnoty).

Mı́sta zastaveńı popisuj́ı prostorové lokace, kde objekty po nějakou dobu
z̊ustávaj́ı nebo se pohybuj́ı velmi pomalu [50]. Taková mı́sta mohou být defi-
nována r̊uznými zp̊usoby. V [43] jsou jako události odpov́ıdaj́ıćı zastaveńı ob-
jektu detekovány takové části trajektorie, v nichž se objekt pohybuje rych-
lost́ı nižš́ı než je určitá prahová hodnota. Alternativńı definice pro událost od-
pov́ıdaj́ıćı zastaveńı se objevuje např́ıklad v [9], kde je jako součást zastaveńı
považována část pohybu, kdy objekt z̊ustává v kruhové oblasti o poloměru R
po dobu alespoň τ . Všechny takto detekované události zastaveńı jsou pak vstu-
pem EM algoritmu, který má za úkol vytvořit odpov́ıdaj́ıćı dvourozměrný GMM
model, podobně jako v př́ıpadě vstupńıch a výstupńıch mı́st. Jednotlivá mı́sta
zastaveńı jsou nav́ıc rozš́ı̌rena o informaci o obvyklé době setrváńı objektu na
daném mı́stě. Tato doba může být reprezentována r̊uznými zp̊usoby, např́ıklad
v [43] je aproximována exponenciálńı funkćı.

Znalost význačných mı́st scény může být s výhodou vuyžita pro odstraněńı
trajektoríı ovlivněných chybami při sledováńı objekt̊u. Nekompletńı nebo pře-
rušené trajektorie tak mohou být z trénovaćı datové sady odstraněny ještě před
procesem učeńı modelu scény. V [51] jsou takto odstraněny všechny trajektorie,
které nezač́ınaj́ı nebo nekonč́ı v některém z význačných mı́st.

3.1.3 Cesty objekt̊u

Po identifikaci a popisu význačných mı́st, která odpov́ıdaj́ı uzl̊um topologického
grafu scény, následuje modelováńı pohybu objekt̊u mezi jednotlivými význač-
nými mı́sty. Tyto cesty objekt̊u pak odpov́ıdaj́ı hranám v topologickém grafu
sledované oblasti.

Trajektorie jsou nejprve podle mı́st zastaveńı, kterými procházej́ı, rozděleny
na sub-trajektorie. Pokud trajektorie neprocháźı žádným mı́stem zastaveńı, ne-
docháźı k žádnému děleńı. Výsledkem je tak nová sada trajektoríı, které od-
pov́ıdaj́ı hranám mezi význačnými mı́sty v topologickém grafu scény. Na hranu

21



mezi dvěma uzly grafu pak lze nahĺıžet jako na samostatnou aktivitu [50].
V prostřed́ı, kde je pohyb objekt̊u jasně omezen (např́ıklad v silničńı do-

pravě), může být učeńı se cest pohybuj́ıćıch se objekt̊u relativně jednoduchým
úkolem. V takovém př́ıpadě je možné totiž uvažováńım omezeńı daných kon-
krétńı aplikaćı problém určitým zp̊usobem zjednodušit. Obecně je však nutné
uvažovat téměř libovolné vzory pohybu objekt̊u.

Problematikou učeńı se modelu sledované oblasti se zaměřeńım právě na
učeńı se typických cest pohybuj́ıćıch se objekt̊u se zabývá následuj́ıćı sekce.

3.2 Učeńı se modelu sledované oblasti

Ústředńı fáźı učeńı se modelu scény je hledáńı a popis obvyklých cest pohy-
buj́ıćıch se objekt̊u na základě jejich trajektoríı. Trajektorii lze obecně definovat
jako sekvenci

FT = 〈f1, f2, . . . , fT 〉 (1)

kde každý vektor ft (v angličtině flow vector) definovaný jako

ft = (xt, yt, vtx, v
t
y, a

t
x, a

t
y)T (2)

reprezentuje pohybové rysy objektu v čase t. (x, y) popisuje prostorovou lo-
kaci objektu, (vx, vy) popisuje rychlost pohybu objektu a (ax, ay) popisuje jeho
zrychleńı [50]. Většinou je však pro popis trajektorie využita pouze prostorová
informace, př́ıpadně informace o rychlosti pohybu. Sekvence reprezentuj́ıćı tra-
jektorie maj́ı většinou r̊uznou délku, a to často i tehdy, když maj́ı podobný
pr̊uběh. V takovém př́ıpadě bývá d̊uvodem r̊uzná rychlost pohybu objekt̊u.
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Fig. 4. Trajectory learning schemes. (a) Flow vectors are quantized and the sequence of codebook words represents a path. (b) A full trajectory sequence is used
as input and output prototypes represent paths. (c) Video clips are broken into a set of motion words to describe behavior.

through a stop zone are divided into separate trajectories cor-
responding to an edge into and out of the zone. Activity is thus
defined between interest points, in the way an object moves from
one point of the topological graph to another.

In a highly structured environment, where the motion is con-
strained, it is relatively easy to learn the paths. Lane markers
have been exploited by the intelligent transportation community
for automatic discovery [7], [38], [41]. Because vehicles tend
to travel in the middle of a lane, the activity density (changing
pixels) has peaks at the lane centers and valleys at the lane di-
viders. These maxima provide a clear lane definition suitable for
lane assignment.

The highway lane problem is a rather simple one because
lanes are usually linear and viewed from an advantageous per-
spective which maintains the lane boundary/center distinction.
A general procedure to learn complex and arbitrary paths from
just tracking data is desired to remove any reliance on lane
structure or geometry. In addition to knowing where lanes are
located, activity paths denote behavior which is dependent on
higher order dynamic information and temporal characteristics.
In order to differentiate between a person walking or running
along a sidewalk, temporal dynamics must be included in the
path learning procedure to fully describe behavior. Fig. 4 de-
picts the basic structure of path learning algorithms. The three
dominant types differ in the types of inputs, flow vectors, tra-
jectories, or video clips, and the way motion is abstracted. In
Fig. 4(a) the input is a single trajectory point at time , points
are connected temporally for implicit ordering into paths. An
entire trajectory, Fig. 4(b), can be used as input into the learning
algorithm to directly build paths. Fig. 4(c) depicts the video de-
composition view of paths. Here, video clips are assigned an
activity based on the occurrences of motion words.

IV. LEARNING PATHS

Since a path characterizes how objects move, a raw trajectory
can be represented as sequence of dynamical measurements. For
example, a common trajectory representation is a flow sequence

(4)

where the flow vector

(5)

represents an objects’ dynamics, position , velocity
, and acceleration , at time as extracted through

Fig. 5. Trajectory learning steps.

visual tracking. Usually, only the position and/or velocity is
used because acceleration estimates are typically noisy. Tra-
jectories need not share the same length, even when traveling
along a similar route, because objects may move at different
speeds leading to mismatch in the number of samples.

Using only trajectories, it is possible to learn APs in an un-
supervised manner following the basic procedure depicted in
Fig. 5. The preprocessing step is used to set up the trajectories
for clustering which provides a summary and compact repre-
sentation of a modeled path. Though presented as three sequen-
tial tasks, often the path learning steps are blurred with prepro-
cessing, clustering, and modeling occurring in unison.

A. Trajectory Preprocessing

Most of the effort for path-learning research is spent pro-
ducing trajectory representations suitable for clustering. The
main difficulty when dealing with tracks is their time-varying
nature which leads to unequal length. Steps must be taken to en-
sure a meaningful comparison between differing sized inputs. In
addition, the trajectory representation should retain the intuitive
notion of similarity present in raw trajectories for meaningful
clusters.

Most researchers use some combination of trajectory normal-
ization or dimensionality reduction to manipulate raw trajecto-
ries in ways that allow use of standard clustering techniques.
Table IV summarizes the types of trajectory preprocessing pro-
cedures often encountered in literature.

1) Normalization: Normalization ensures that all trajectories
have the same length . Two simple techniques for length nor-
malization are zero padding [36] and track extension [13], [49].

Obrázek 10: Učeńı se modelu pohybu objekt̊u z trajektoríı (převzato z [50]).
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Proces učeńı se obvyklých vzor̊u pohybu objekt̊u v dohledovém videu je
znázorněn na obrázku 10. V prvńı fázi jsou trajektorie předzpracovány do po-
doby vhodné pro zvolenou metodu shlukováńı trajektoríı. Ve druhé fázi je pak
aplikován shlukovaćı algoritmus s využit́ım určité podobnostńı metriky. Nale-
zené shluky odpov́ıdaj́ı konkrétńım pohybovým vzor̊um (aktivitám). Ve třet́ı
fázi docháźı k pravděpodobnostńımu modelováńı nalezených shluk̊u tak, aby
byl výsledný model vhodný pro následnou analýzu chováńı objekt̊u.

3.2.1 Předzpracováńı trajektoríı

Ćılem předzpracováńı trajektoríı je jejich transformace do reprezentace vhodné
pro shlukováńı v daľśı fázi procesu učeńı. Jednotlivé kroky této fáze se odv́ıj́ı
jednak od zvoleného shlukovaćıho algoritmu, ale také od zvolené podobnostńı
metriky pro porovnáváńı trajektoríı. Některé podobnostńı metriky vyžaduj́ı,
aby trajektorie měly stejnou délku. V takovém př́ıpadě je nutné použ́ıt některou
z technik normalizace. V př́ıpadě, že zvolený algoritmus neńı vhodný pro shlu-
kováńı vysoce dimenzionálńıch dat, je nutné použ́ıt některou z technik redukce
dimenzionality. Pro odstraněńı šumu ve vstupńıch datech je možné použ́ıt na-
př́ıklad Kalman̊uv filtr nebo částicový filtr a podobně (viz [72]).

Normalizace trajektoríı se snaž́ı zajistit, aby všechny trajektorie určené pro
shlukováńı byly stejně dlouhé, přesněji aby byly reprezentovány sekvencemi
o stejném počtu časoprostorových bod̊u. Mezi nejjednodušš́ı techniky zde patř́ı
doplněńı nul na konec trajektorie [24] a rozš́ı̌reńı trajektorie [23]. V obou př́ı-
padech je jednotný počet bod̊u trajektorie zvolen podle nejdeľśı trajektorie
v databázi. V př́ıpadě rozš́ı̌reńı trajektorie je trajektorie doplněna o body od-
pov́ıdaj́ıćı jej́ı posledńı zaznamenané pozici. Odlǐsným zp̊usobem normalizace je
převzorkováńı všech trajektoríı na předem zvolenou délku. K tomuto účelu se
použ́ıvá např́ıklad lineárńı interpolace [49] nebo podvzorkováńı na požadovaný
počet bod̊u [25]. Ačkoliv jsou techniky normalizace jednoduše použitelné a mo-
hou umožnit použit́ı mnoha podobnostńıch metrik, mohou zp̊usobit určitá zkres-
leńı vstupńıch dat i výsledk̊u shlukováńı.

Redukce dimenzionality mapuje trajektorie do méně dimenzionálńıho pro-
storu a usnadňuje tak mnoho výpočetńıch operaćı při shlukováńı. Při redukci
dimenzionality je většinou zvolen určitý model trajektorie a ćılem je naj́ıt jeho
parametry [50]. Př́ıkladem takového modelu může být určitý polynom v př́ıpadě,
že trajektorii uvažujeme jako dvourozměrnou křivku. Často je využ́ıvána analýza
hlavńıch komponent (anglicky Principal Component Analysis). Využ́ıt lze i ně-
kterých generativńıch model̊u, spektrálńıch metod a daľśıch, viz [50]. Redukce
dimenzionality sice může přinést řadu výhod pro shlukováńı trajektoríı, výsledky
shlukováńı však odpov́ıdaj́ı tomu, jak zvolený model odpov́ıdá vstupńım dat̊um.

3.2.2 Shlukováńı trajektoríı

Shlukováńı trajektoríı (viz také sekce 2.2) je zástupcem metod učeńı bez učitele.
Ćılem shlukováńı je identifikovat ve vstupńıch datech určitou strukturu. V př́ı-
padě využit́ı shlukové analýzy pro učeńı se modelu scény jsou touto strukturou
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obvyklé trasy pohybu objekt̊u.
Pro źıskáńı smysluplných shluk̊u je nutné správně vyřešit tři hlavńı problémy,

kterými jsou volba podobnostńı (vzdálenostńı) metriky, volba algoritmu shlu-
kováńı a validace nalezených shluk̊u.

Podobnostńı (vzdálenostńı) metrika

Shlukovaćı algoritmus porovnává trajektorie na základě metriky pro určováńı
vzdálenosti, př́ıpadně podobnosti dvou trajektoríı. Pro tento účel může být
využita některá z běžně použ́ıvaných vzdálenostńıch funkćı nebo lze použ́ıt
některou metriku navrženou př́ımo pro porovnáváńı trajektoríı. Využitelné met-
riky lze dále rozdělit podle toho, zda vyžaduj́ı trajektorie stejné délky či nikoliv.

Zat́ımco vzdálenost (anglicky distance) určuje, jak moc se dvě trajektorie
lǐśı, podobnost (anglicky similarity) vyjadřuje, jak moc si jsou dvě trajektorie
podobné. V př́ıpadě potřeby může být podobnost trajektoríı odvozena z jejich
vzdálenosti. Např́ıklad v [25] je podobnost sij trajektoríı i a j poč́ıtána jako

sij = e−D(i,j)/σ2

(3)

kde σ je parametr ř́ıdićı rychlost poklesu podobnosti s rostoućı vzdálenost́ı
D(i, j).

Následuj́ıćı stručný přehled některých vzdálenostńıch či podobnostńıch me-
trik vycháźı zejména z [50, 48, 71].

Nejjednodušš́ı metrikou může být Euklidovská vzdálenost, která ovšem vy-
žaduje vektory stejné délky. Tuto nevýhodu odstraňuje modifikace Euklidovské
vzdálenosti, která rozšǐruje kratš́ı trajektorii na délku deľśı trajektorie. Hlavńım
problémem Euklidovské vzdálenosti však je neschopnost zachytit podobnost tra-
jektoríı, které se lǐśı pouze časovým posunem. V [5] je vzdálenost trajektoríı
poč́ıtána po transformaci trajektoríı metodou PCA. Vzdálenost je pak určena
jako Euklidovská vzdálenost PCA koeficient̊u.

Metoda DTW (Dynamic Time Warping), která je běžně použ́ıvaná pro
hledáńı vzdálenosti mezi dvěma r̊uzně dlouhými signály, může být využita i
pro trajektorie. Ćılem této metody je naj́ıt optimálńı zarovnáńı dvou trajek-
toríı minimalizaćı celkové vzdálenosti mezi odpov́ıdaj́ıćımi body. Výhodou této
metriky je zejména odolnost v̊uči časovému posunu mezi trajektoriemi.

Nejdeľśı společná podsekvence (Longest Common Subsequence, LCSS) je
daľśı technika vzájemného zarovnáńı dvou sekvenćı. Jej́ı výhodou oproti DTW
je větš́ı odolnost v̊uči šumu a odlehlým hodnotám, protože ne všechny body
muśı být zarovnány. Bod, který nemá dobrou shodu s žádným bodem druhé
trajektorie, může být vynechán.

Podobný princip jako u DTW a LCSS byl použit při definici nové vzdálenostńı
metriky v [56]. Tato metrika využ́ıvá myšlenku, že obecně si trajektorie bývaj́ı
nejpodobněǰśı ze začátku jejich pr̊uběhu a s rostoućım časem maj́ı tendenci
se vzájemně oddalovat z d̊uvodu rozd́ılných rychlost́ı pohybu. Vzhledem k to-
muto je při zarovnáváńı trajektoríı použ́ıváno časové okno, jehož rozsah roste
s rostoućım časem. Výhodou této metriky je schopnost porovnávat nekompletńı
trajektorie, a proto je vhodná pro online shlukováńı.
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Pro vzájemné porovnáváńı dvou množin o r̊uzně velkém počtu prvk̊u se často
použ́ıvá Hausdorffova vzdálenost. Jej́ı využit́ı pro porovnáváńı trajektoríı však
neńı vhodné, protože tato metrika neuvažuje pořad́ı jednotlivých bod̊u. V [3] je
však navržena modifikace Hausdorffovy vzdálenosti, která bere v potaz pořad́ı
bod̊u.

V [48] bylo provedeno experimentálńı srovnáńı většiny výše zmı́něných po-
dobnostńıch metrik na r̊uzných datových sadách v kombinaci s r̊uznými shlu-
kovaćımi algoritmy. V celkovém srovnáńı bylo nejlepš́ıch výsledk̊u shlukováńı
dosaženo s využit́ım metriky LCSS.

Shlukovaćı algoritmus

Ćılem shlukovaćıho algoritmu je, vzhledem ke zvolené podobnostńı metrice,
rozdělit předzpracované vstupńı trajektorie do skupin, které odpov́ıdaj́ı ob-
vyklým cestám pohybuj́ıćıch se objekt̊u ve sledované oblasti. Pro shlukováńı
existuje velké množstv́ı algoritmů, které lze rozdělit do několika kategoríı. Po-
drobný popis shlukovaćıch metod lze naj́ıt např́ıklad v [20]. Pro účely učeńı se
cest objekt̊u byly využity např́ıklad následuj́ıćı př́ıstupy [50, 48]:

• Metody založené na rozdělováńı – tyto metody rozděluj́ı n trajektoríı do k
shluk̊u. Prvńım krokem metody je náhodný výběr k trajektoríı, které re-
prezentuj́ı jednotlivé shluky. Následně docháźı k iterativńı optimalizaci re-
prezentant̊u shluk̊u. Přǐrazováńı trajektoríı do shluk̊u prob́ıhá na základě
podobnosti s reprezentanty shluk̊u. Nejznáměǰśım zástupcem této skupiny
je metoda k-means, př́ıpadně jej́ı varianta FCM (fuzzy c means), která je
pro učeńı cest objekt̊u použita např́ıklad v [47].

• Hierarchické metody – metody tohoto typu vytvářej́ı hierarchický roz-
klad množiny trajektoríı, přičemž shluky jsou organizány ve stromové
struktuře. Shlukováńı může prob́ıhat př́ıstupem zdola-nahoru (shlukuj́ıćı
metoda), kdy na počátku každý objekt patř́ı do vlastńı tř́ıdy a postupně
docháźı ke slučováńı nejpodobněǰśıch shluk̊u. Opakem je př́ıstup shora-
dol̊u (rozděluj́ıćı metoda), kdy na počátku patř́ı všechny objekty do jed-
noho shluku, který je postupně dělen na menš́ı shluky. Výhodou těchto
metod je flexibilita ve volbě počtu shluk̊u. Nevýhodou naopak může být
volba kritéria pro spojováńı, respektive rozdělováńı shluk̊u. Hierarchického
shlukováńı trajektoríı pro účely analýzy chováńı se zaměřeńım na detekci
abnormálńıch trajektoríı bylo využito např́ıklad v [28].

• Grafové metody – trajektorie jsou organizovány v grafové struktuře, jej́ıž
uzly reprezentuj́ı jednotlivé trajektorie. Každý uzel je propojen s uzly,
které reprezentuj́ı nejpodobněǰśı trajektorie. Hrany grafu jsou ohodnoceny
na základě podobnosti mezi trajektoriemi, které propojuj́ı. Shlukováńı pak
prob́ıhá děleńım grafu na k podgraf̊u tak, aby byla minimalizována ztráta
celkového ohodnoceńı hran. Tento př́ıstup byl pro shlukováńı trajektoríı
využit např́ıklad v [37].
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• Spektrálńı metody – tyto metody nevytvářej́ı žádný předpoklad o distri-
buci vstupńıch dat, ale zaměřuj́ı se na vlastńı (eigen) dekompozici podob-
nostńı matice za účelem aproximovat optimálńı děleńı grafu [48]. Hlavńı
výhodou těchto metod je vysoká efektivita výpočtu. Spektrálńı shlukováńı
je pro učeńı se cest objekt̊u použito např́ıklad v [51].

• Neuronové śıtě – pro shlukováńı lze využ́ıt tzv. samoorganizuj́ıćı se mapu
(Self-Organizing Map, SOM). Každý výstupńı uzel takové neuronové śıtě
odpov́ıdá jedné trajektorii s t́ım, že sousedńı uzly odpov́ıdaj́ı vzájemně po-
dobným trajektoríım. Výhodou SOM je, že trénováńı śıtě může prob́ıhat
postupně, nevýhodou pak potřeba velkého množstv́ı trénovaćıch dat a po-
malá konvergence [50].

• Metody inspirované shlukováńım dokument̊u – na trajektorii je nahĺıženo
jako na dokument, na jednotlivé stavy trajektorie jako na slova v doku-
mentu. Pro shlukováńı pak mohou být použity metody, jež vycháźı z ob-
lasti źıskáváńı znalost́ı z dokument̊u. Tento př́ıstup byl pro sémantické mo-
delováńı chováńı pohybuj́ıćıch se objet̊u ve videu využit např́ıklad v [64].

• Online shlukováńı – využit́ı takových metod je výhodné v př́ıpadě, že pro
učeńı modelu neńı k dispozici dostatečně rozsáhlá trénovaćı databáze tra-
jektoríı. Učeńı modelu tak prob́ıhá pr̊uběžně při sledováńı scény. Jakmile je
z procesu sledováńı objekt̊u generována nová trajektorie, docháźı k jej́ımu
zahrnut́ı do budovaného modelu. Tyto metody většinou vyžaduj́ı určeńı
parametr̊u, které ř́ıd́ı vliv nových dat na změnu modelu, což je hlavńı
nevýhodou těchto metod. Metoda online shlukováńı trajektoríı za účelem
vytvořeńı modelu aktivit pro následnou analýzu chováńı objekt̊u byla
navržena např́ıklad v [56, 57].

Validace shluk̊u

Většina shlukovaćıch metod vyžaduje znalost přesného počtu shluk̊u, které má
vytvořit. Počet cest objekt̊u (tedy i odpov́ıdaj́ıćıch aktivit) však neńı dopředu
známý.

Nejčastěǰśım př́ıstupem pro nalezeńı správného počtu shluk̊u je optimali-
zace hodnoty určitého kritéria opakovaným shlukováńım pro postupně se měńıćı
počet požadovaných shluk̊u. Výsledný počet shluk̊u je pak zvolen na základě
výsledku shlukováńı s nejlepš́ı dosaženou hodnotou optimalizačńıho kritéria.
Př́ıkladem použ́ıvaného kritéria je

”
těsnost a separace“ (anglicky Tightness and

Separation Criterion, TSC) [25], které je založeno na porovnáńı bĺızkosti trajek-
toríı uvnitř shluk̊u vzhledem ke vzdálenosti mezi shluky. Daľśım př́ıkladem je
Bayesovské informačńı kritérium (BIC), které je navrženo pro výběr nejlepš́ıho
modelu z množiny pravděpodobnostńıch model̊u, viz [6].

Jiný př́ıstup k řešeńı problému předem neznámého počtu shluk̊u je zvo-
len v [49, 51]. Pro shlukováńı je nastaven relativně velký počet požadovaných
shluk̊u. Výsledný počet shluk̊u je následně sńıžen postupným spojováńım po-
dobných shluk̊u.
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3.2.3 Modelováńı cest

Cesty objekt̊u pohybuj́ıćıch se ve scéně odpov́ıdaj́ı shluk̊um, které jsou výsled-
kem fáze shlukováńı trajektoríı. Tyto shluky je však potřeba vhodně pravděpo-
dobnostně modelovat za účelem následné analýzy chováńı. Existuj́ıćı př́ıstupy
k modelováńı cest jsou většinou založeny na jednom ze dvou odlǐsných př́ıstup̊u:
modelováńı cesty jako celku nebo rozložeńı cesty na v́ıce menš́ıch část́ı (podcest).
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Fig. 6. (a) Full path model: paths have an average center and an envelope denoting path extent with optional internal states to model measurement ordering. (b)
Paths represented as a tree of subpaths. The predicted path probability is found by the product of edges from a given node to a leaf node.

TABLE VI
PATH MODELS

abilistic models are estimated from the data, where each cluster
partition is used to learn an individual path model [36], [55].
Gaussian observation emission HMMs are commonly used be-
cause sample ordering is enforced with the transition matrix and
effective comparison techniques between trajectories and paths.
The standard HMM has been extended to model the duration of
time spent in a state [79] to help account for variation in activity
time-scales and speed.

In contrast to the full path techniques, subpath methods di-
vide up the trajectory space into atomic elements. Each of the
atomic elements represent similar regions of a path such as por-
tions of paths before splits [67] or parts of a path with similar
curvature [57]. Subpaths are further defined by their connec-
tions with other subpaths. These connections indicate the pos-
sible transitions between subpaths and decompose a trajectory
into a subpath traversal list.

D. Path Feedback to Low-Level Systems

Though intended for higher level analysis, learned paths are
useful as feedback to the lower level functions as well [80].
Shadows suppression was improved on a highway by learning
the lane marker positions and removing those cast shadows that
fell over a lane line [41]. Tracking robustness was improved by
learning the static scene occlusion landscape giving a depth es-
timate to tracked objects [81]. The paths have also been used
as a form of state prediction to direct tracking association [34],
[53].

V. AUTOMATIC ACTIVITY ANALYSIS

Once the scene model has been constructed, object behaviors
and activities can be analyzed. One of the basic functions of
surveillance video is identification of interesting events. In
general, it is difficult to define interesting except in a specific
context. Parking garage monitoring might be concerned with

the availability of open stalls while interactions between people
occur in an intelligent conference room. Besides just recog-
nizing typical behavior, all atypical events should be examined
as well. By observing a scene over time, the system can learn
what is interesting to perform a range of activity analyses such
as virtual fencing, speed profiling, path (activity) classification,
abnormality detection, online activity analysis, and object in-
teraction characterization. Table VII reviews a list of exemplary
activity path modeling systems and their associated activity
analyses.

A. Virtual Fencing

A basic event trigger for any surveillance system is perimeter
sentry. Monitoring zones or virtual fences are erected in the
image plane to issue intelligent alerts when breached. These
alarms could be used to initiate control of other cameras in the
network such as a high resolution PTZ camera to obtain finer
event details for person recognition [82] or vehicle classifica-
tion [83]. By monitoring entry/exit zones, vehicle counts can be
accumulated for traffic flow analysis [83], [84] or detailed OD
mapping [6]. When stop zones are characterized by the amount
of time objects usually remain idle within them, it is possible to
detect loitering people [21], [21], [24] if they remain in an area
for an unusually long time.

B. Speed Profiling

Virtual fences only take advantage of spatial information.
Tracking also gives dynamics which can be used for speed based
alarms. Vehicle velocity measurements have been used to cate-
gorize speeding behavior [4] or highway congestion from stalled
vehicles or accidents [5]. The bounding boxes in Fig. 7 indicate
the speed state of each vehicle with respect to daily averages
[55]. Red denotes stopped, yellow slow moving, green the speed
of normal travel, and blue to mark a speeding vehicle. Junejo et

Obrázek 11: Ilustrace modelováńı cesty pomoćı obálky (převzato z [50]).

Prvńı př́ıstup vycháźı z centroidu (prototypu) modelovaného shluku, který
rozšǐruje pomoćı určité obálky (anglicky envelope), viz obrázek 11. Obálka de-
finuje prostorový rozměr modelované cesty a je součást́ı topografické reprezen-
tace modelu sledované oblasti. Tento zp̊usob popisu cesty může být dále rozš́ı̌ren
o pravděpodobnostńı modelováńı, kdy centroid shluku hraje roli středńı hodnoty
a obálka reprezentuje rozptyl. Pravděpodobnostńı model je odhadnut na základě
trajektoríı, které tvoř́ı př́ıslušný shluk. Tento princip byl využit např́ıklad v [43].
V [65] je kromě prostorové obálky shluku modelována jeho hustota a rozložeńı
směru a rychlosti pohybu. Pro pravděpodobnostńı modelováńı bývaj́ı často
použ́ıvány skryté Markovské modely (HMM), pomoćı kterých lze jednoduše
modelovat sekvenčńı chováńı, viz např́ıklad [51].

Druhý př́ıstup pro modelováńı cest rozděluje prostor odpov́ıdaj́ıćı cestě na
v́ıce menš́ıch atomických prvk̊u, tzv. podcest. Jednotlivé podcesty reprezentuj́ı
podobné regiony cesty jako jsou části cest před děleńım do v́ıce směr̊u [56]
nebo např́ıklad části cesty s podobným zakřiveńım [5]. Jednotlivé podcesty jsou
dále propojeny s jinými podcestami, č́ımž jsou vyjádřeny přechody mezi nimi.
Tyto přechody mohou být rozš́ı̌reny o pravděpodobnost. Př́ıklad organizace pod-
cest do stromové struktury ukazuje obrázek 12. Podcesty jsou modelovány jako
shluky vytvořené podle děleńı cesty do v́ıce r̊uzných směr̊u [56].

Jedńım z požadavk̊u na model sledované oblasti může být jeho schopnost
přizp̊usobovat se změnám ve sledovaném prostřed́ı. V takovém př́ıpadě je tedy
nedostačuj́ıćı jednorázové naučeńı modelu a jeho následné použ́ıváńı bez re-
akce na př́ıpadné změny. Ke změnám může docházet u již naučených aktivit
objekt̊u, mohou se však objevovat i nové aktivity. Oba tyto př́ıpady se snaž́ı
řešit např́ıklad [51]. Př́ıpadné změny již naučených aktivit jsou v modelu zachy-
ceny pr̊uběžnou úpravou parametr̊u HMM model̊u, použitých pro popis chováńı
objekt̊u, na základě chováńı objekt̊u během použ́ıváńı modelu. Pro objeveńı
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with a 2 [0, 1] being an appropriate update rate, where
higher values cause a faster fit of the clusters to the newly
detected data. In this way each cluster is a dynamic approx-
imation of the mean and variance of the trajectories that
matched it, with an exponentially decreasing weight for
the older trajectories.

3. Building trees of clusters

Since our final goal is to analyse behaviours from the
trajectory data, we have structured the clustering informa-
tion in such a way that can be useful for probabilistic rea-
soning about trajectories. In particular we want to detect
and explicitly represent the shared prefixes of clusters,
where a prefix is just the starting piece of a cluster. This
model of shared prefixes allows to make predictions on
the possible future movements of an object (and this is
why we are not interested, for example, in shared suffixes).
A group of trajectories is thus represented no more by a
single cluster, but by groups of clusters organized in a
tree-like structure, as shown in Fig. 2.

The whole process of tree creation is subdivided in two
steps: tree building and tree maintenance. The tree-building
phase creates the trees of clusters and can be performed as
the data are acquired, without the need to wait for the end
of the trajectory. The main steps of the tree-building phase
are summarized in the flow chart of Fig. 3.

When a trajectory is detected, its partial distances from
all the root nodes of the trees is computed. If no clusters are
sufficiently near to the trajectory, a new cluster is created;

this implies the creation of a new tree consisting of a single
node. If instead a match is found, the cluster starts to be
immediately updated using Eq. (5). As the cluster is being
updated, its distance d(ti,C) (see Eq. (4)) is monitored in
order to detect if the trajectory is moving away from the
cluster. If this distance keeps growing for an excessive
amount of time, we state that the trajectory is no more
matching the cluster. This could happen for two reasons:
the trajectory could be going beyond the end of the cluster,
or it could be exiting far from cluster’s end. In the latter
case a split is performed, consisting in the subdivision of
the initial cluster in two subclusters, with the necessary tree
adjustments as shown in Fig. 4.

When a trajectory exits from a cluster, a new matching
step is performed. If a split was done, the trajectory auto-
matically matches the newly created cluster, while in the
other case the match is searched among all the children
of the just-left cluster, and the whole process is iteratively
repeated. An example of the match/update/split procedure
is shown in Fig. 5.

When the system has fully detected a trajectory, the tree
maintenance phase can be performed. This step is needed
to increase the robustness of the process and guarantees
the consistency of the trees. The first maintenance step is
merging. For each tree, all the nodes at the same levels
are compared in order to detect those clusters that are
sufficiently near each other (the cluster-to-cluster distance
is a simple variation of the trajectory-to-cluster distance
defined in Eq. (3)). All those clusters are merged together
in a new, single cluster, which is a weighted mean of all
the merged clusters and inherits all their children. The
merge procedure is needed because clusters can become
too near each another due to cluster updating, but it is also
useful to make the process more robust. In fact one of the
problems of the algorithm presented so far is that the clus-
ter variance must be initialized to a fixed value, thus it
should be tuned depending on the kind of trajectories
expected. If the variance is initialized with a too low value,
the system cannot detect large clusters and it will model
them as a separate set of clusters. This can be avoided if
we allow the merge procedure to happen more easily when
a large number of clusters is detected. To obtain this result,
when clusters are compared to find merges, their variance is
multiplied by a scaling factor linearly increasing with the
number of clusters. Using this approach, in presence of
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Fig. 2. Representing trajectories as a tree of clusters.
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Obrázek 12: Ilustrace modelováńı cesty pomoćı podcest a jejich organizace do
stromové struktury (převzato z [56]).

nových aktivit je nutné provádět periodické přetrénováńı modelu. Pro tento
účel je však dostačuj́ıćı ukládat pouze trajektorie označené modelem jako ab-
normálńı. Jakmile je objem těchto trajektoríı dostatečně velký, jsou použity jako
vstup celého procesu učeńı se modelu scény, který se snaž́ı identifikovat př́ıpadné
nové aktivity, jež by mohly být použity pro rozš́ı̌reńı stávaj́ıćıho modelu.

Ačkoliv je modelováńı obvyklých cest pohybuj́ıćıch se objekt̊u využ́ıváno pro
analýzu na vyšš́ı úrovni abstrakce, může být užitečné i jako zpětná vazba pro
některé ńızkoúrovňové procesy jako je sledováńı objekt̊u, viz např́ıklad [61].

3.3 Analýza chováńı objekt̊u

Model sledované oblasti, popsaný v předchoźıch sekćıch, může být po úspěšně
dokončeném procesu učeńı použit pro automatickou analýzu chováńı a akti-
vit pohybuj́ıćıch se objekt̊u. Jako aktivity objekt̊u lze chápat jednotlivé cesty,
které naučený model popisuje. Využit́ım modelu tedy může být popsáno chováńı
nových objekt̊u pohybuj́ıćıch se sledovanou oblast́ı. Mezi typické úlohy analýzy
chováńı patř́ı klasifikace trajektoríı, detekce neobvyklých trajektoríı a online
analýza, která zahrnuje predikci pohybu a detekci neobvyklého chováńı.

3.3.1 Klasifikace trajektoríı

Trajektorie objektu ve scéně může být klasifikována pomoćı metody maximálńı
věrohodnosti (anglicky maximum likelihood estimation), viz [6]. Objektu je tak
přǐrazena aktivita (cesta) λ∗, která nejlépe popisuje jeho trajektorii FT :

λ∗ = arg max
k

p(FT |λk) (4)

kde p(FT |λk) vyjadřuje, s jakou pravděpodobnost́ı je trajektorie FT generována
aktivitou λk [51]. Tohoto př́ıstupu lze s výhodou využ́ıt zejména tehdy, jsou-li
aktivity modelovány nějakým pravděpodobnostńım modelem, např́ıklad HMM.
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3.3.2 Detekce neobvyklých trajektoríı

Jednou z nejd̊uležitěǰśıch úloh analýzy scény monitorované dohledovým systé-
mem je detekce neobvyklého nebo podezřelého chováńı objekt̊u.

Jelikož je model scény zaměřen na popis typického chováńı pohybuj́ıćıch se
objekt̊u, lze ho využ́ıt pro detekci neobvyklých trajektoríı tak, že jako neobvyklá
bude označena trajektorie, která dostatečně nevyhovuje žádné z naučených cest.
Trajektorie FT je detekována jako neobvyklá pomoćı inteligentńıho prahováńı
(anglicky thresholding) [50] pokud plat́ı

p(λ∗|FT ) < Lλ∗ (5)

kde λ∗ je nejpravděpodobněǰśı cesta objektu podle klasifikace jeho trajektorie
(viz výše) a Lλ∗ je prahová hodnota, která může být přizp̊usobena každé cestě
zvlášt’. Např́ıklad v [24] je jako prahová hodnota zvolena minimálńı pravděpo-
dobnost zjǐstěná klasifikaćı všech trajektoríı z trénovaćı datové sady.

Tento jednoduchý př́ıstup však často vede na vysoké množstv́ı chybně kla-
sifikovaných trajektoríı [50]. Proto je v současné době snaha vylepšit proces
detekce neobvyklých trajektoríı za účelem zvýšeńı úspěšnosti klasifikace. V [29]
jsou cesty objekt̊u modelovány z pohledu r̊uzných rys̊u trajektoríı, konkrétně
je modelována prostorová obálka cesty, rychlost pohybu a zakřiveńı trajektorie.
Trajektorie je pak považována za neobvyklou, pokud nevyhovuje žádné cestě
vzhledem ke všem modelovaným rys̊um.

Daľśı nevýhodou může být statické nastaveńı prahové hodnoty bez uvažováńı
potřeb konkrétńıho prostřed́ı. V některých aplikaćıch může být d̊uraz kladen na
odhaleńı všech neobvyklých trajektoríı na úkor větš́ı mı́ry falešných poplach̊u,
v jiných př́ıpadech může být naopak d̊uležitěǰśı se falešným poplach̊um vy-
hnout. V [51] je prahová hodnota pro konkrétńı cestu automaticky naučena
během fáze učeńı modelu scény porovnáńım pr̊uměrné věrohodnosti trajektoríı
uvnitř cesty vzhledem ke všem ostatńım. Při učeńı prahové hodnoty je zahrnutý
také parametr, který ř́ıd́ı poměr mezi počtem správně a chybně klasifikovaných
trajektoríı.

3.3.3 Online analýza

Často může být mnohem d̊uležitěǰśı analyzovat chováńı objekt̊u online, tedy
již v pr̊uběhu pohybu. Ćılem online analýzy chováńı objekt̊u je být schopen
posuzovat aktuálńı situaci ve scéně a př́ıpadně na ńı odpov́ıdaj́ıćım zp̊usobem
reagovat [51]. Úlohami online analýzy bývá nejčastěji predikce následuj́ıćıho
pohybu objektu a detekce neobvyklého chováńı na základě dosavadńıho pr̊uběhu
trajektorie.

Predikce pohybu

Při online analýze chováńı pohybuj́ıćıch se objekt̊u může být užitečné předpo-
kládat, jakým zp̊usobem se bude ub́ırat budoućı pohyb objekt̊u ve scéně. Přesná
predikce následuj́ıćıho chováńı objektu může pomoci při reakci na určité události
nebo může přisṕıvat k předcházeńı určitých situaćı.
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Vstupem pro predikci pohybu je nekompletńı trajektorie reprezentuj́ıćı do-
savadńı pohyb objektu. Většinou je nav́ıc vstupńı trajektorie omezena časovým
oknem. Pro predikci může být využita metoda maximálńı věrohodnosti, po-
dobně jako v př́ıpadě klasifikace celé trajektorie. V čase t je jako předpokládané
budoućı chováńı objektu zvolena aktivita (cesta) λ̂t, která nejlépe vyhovuje do-
savadńı nekompletńı trajektorii F̂t:

λ̂t = arg max
k

p(wtF̂t+k|λk) (6)

kde wt je okenńı funkce (anglicky windowing function) a F̂t+k je dosavadńı
trajektorie objektu v čase t rozš́ı̌rená o k predikovaných bod̊u trajektorie [50, 51].

Rozměr časového okna má vliv na přesnost predikce a na dobu potřebnou
pro jej́ı výpočet. T́ımto zp̊usobem tak lze volit vhodný kompromis mezi těmito
dvěma aspekty. Na vlastnosti predikce také může mı́t vliv použitá okenńı funkce.
Např́ıklad v [25] je použita pro určeńı časového okna exponenciálńı funkce, v [49]
pak obdélńıkové okno.

Detekce neobvyklého chováńı

Detekovat neobvyklé chováńı již v pr̊uběhu pohybu objektu ve scéně je možné
využit́ım podobných př́ıstup̊u jako v př́ıpadě klasifikace celých trajektoríı (viz
sekce 3.3.2) v kombinaci s časovým oknem jako v př́ıpadě predikce pohybu.
Zároveň je potřeba při určováńı prahové hodnoty brát v potaz fakt, že klasifi-
kované trajektorie jsou nekompletńı [51].

4 Experimenty s identifikaćı význačných mı́st
scény

V rámci př́ıpravy této technické zprávy bylo provedeno experimentálńı ověřeńı
fáze identifikace význačných mı́st ve sledované oblasti. Teoreticky byla tato fáze
stručně popsána v sekci 3.1.2, včetně odkaz̊u na relevantńı zdroje.

Identifikace význačných mı́st je v celém procesu modelováńı sledované ob-
lasti jedńım z prvńıch krok̊u. Kvalita výsledk̊u této fáze však může významně
ovlivnit kvalitu celého modelu pohybu objekt̊u ve scéně. Význačná mı́sta tvoř́ı
uzly vznikaj́ıćıho topologického grafu scény a vlastńı pohyb objekt̊u je v daľśı
fázi modelován vždy mezi konkrétńımi dvěma uzly grafu.

Jak již bylo uvedeno v sekci 3.1.2, význačná mı́sta lze rozdělit následovně:

• Vstupńı mı́sta scény – reprezentuj́ı prostorové oblasti, kde pohybuj́ıćı se
objekty typicky vstupuj́ı do scény.

• Výstupńı mı́sta scény – reprezentuj́ı prostorové oblasti, kde pohybuj́ıćı se
objekty typicky vystupuj́ı ze scény.

• Mı́sta zastaveńı – popisuj́ı prostorové oblasti, kde objekty po určitou dobu
setrvávaj́ı nebo se pohybuj́ı velmi pomalu.
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Při prováděných experimentech byly uvažovány všechny tři typy význačných
mı́st, nicméně d̊uraz byl kladen zejména na třet́ı typ, tedy tzv. mı́sta zastaveńı.
Důvodem byl fakt, že zaj́ımavá mı́sta jsou v existuj́ıćıch př́ıstupech identifi-
kována př́ılǐs př́ımočarým zp̊usobem, nav́ıc pouze na základě změn rychlosti
pohybu. Zejména v komplexńıch scénách se však význačné mı́sto (např́ıklad
překážka) může projevit na jiných charakteristických vlastnostech pohybu.

Pro vylepšeńı výsledk̊u identifikace význačných mı́st bylo využito některých
př́ıstup̊u použitých pro jiné účely nebo pro jiné aplikačńı oblasti. Konkrétně
se jednalo o některé metody pro sémantické obohaceńı trajektoríı, viz sekce
2.6.1. Ćılem tedy bylo ověřeńı a zhodnoceńı těchto metod při použit́ı pro účely
identifikace význačných mı́st oblasti sledované dohledovou kamerou. Na základě
kladných výsledk̊u by pak mohla být navržena nová metoda, která by vhodně
kombinovala a rozšǐrovala zmı́něné př́ıstupy.

Experimentálńı ověřeńı bylo provedeno nad několika volně dostupnými reál-
nými datovými sadami vidéı pocházej́ıćıch z dohledových systémů. Nejprve byla
provedena fáze sledováńı objekt̊u (object tracking), jej́ımž výsledkem je sada
trajektoríı reprezentuj́ıćıch pohyb objekt̊u ve scéně.

Vlastńı fáze identifikace význačných mı́st prob́ıhala v následuj́ıćıch kroćıch:

1. Předzpracováńı trajektoríı – trajektorie, jež jsou výsledkem fáze sledováńı
objekt̊u, jsou k dispozici pouze v podobě sekvenćı časoprostorových po-
zic. Algoritmy pro identifikaci potenciálńıch mı́st zastaveńı však vyžaduj́ı
r̊uzné jiné ukazatele pohybu objektu. Muśı tak být nejprve pro každou
trajektorii vypočteny sekvence okamžitých rychlost́ı pohybu, vzdálenost́ı
mezi jednotlivými body, okamžitých směr̊u pohybu a změn rychlosti po-
hybu.

2. Identifikace vstupńıch/výstupńıch mı́st – k tomuto účelu je využito shlu-
kováńı počátečńıch/koncových bod̊u všech trajektoríı pomoćı algoritmu
Expectation-maximization (EM), jehož ćılem je odhadnout parametry mo-
delu GMM (Gaussian Mixture Model). V této fázi docháźı k záměrnému
nadhodnoceńı počtu shluk̊u.

3. Detekce a odstraněńı semi-stacionárńıch trajektoríı – jedná se o trajektorie
vzniklé pohybem např. dveř́ı, reklamńıch panel̊u, větv́ı stromů apod. Ta-
kové trajektorie nejsou pro modelováńı pohybu objekt̊u vhodné, a proto je
třeba je odstranit. K tomuto jsou využity nalezené shluky, které odpov́ıdaj́ı
potenciálńım vstupńım či výstupńım mı́st̊um. Jako semi-stacionárńı jsou
označeny trajektorie, jejichž vstupńı a výstupńı mı́sto se překrývá a celý
pohyb objektu byl zaznamenán pouze v oblasti omezené těmito mı́sty.

4. Identifikace vstupńıch/výstupńıch mı́st – v tomto kroku je opětovně pro
vstupńı/výstupńı mı́sta provedeno shlukováńı počátečńıch/koncových bo-
d̊u sady trajektoríı po odstraněńı semi-stacionárńıch trajektoríı. I zde je
počet hledaných shluk̊u nadhodnocen, nicméně již ne tak výrazně. Vý-
sledné shluky jsou následně podrobeny ověřeńı, zda je jejich hustota do-
statečná vzhledem k uživatelsky specifikovanému kritériu. Dostatečně hus-
té shluky jsou pak označeny jako vstupńı/výstupńı mı́sta.
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5. Transformace trajektoríı na sekvence zastaveńı – pro každou trajektorii
jsou provedeny všechny ověřované metody pro identifikaci potenciálńıch
mı́st zastaveńı objektu. Konkrétně byly zvoleny následuj́ıćı metody:

• Základńı metoda – jednoduchá metoda využ́ıvaj́ıćı pouze změny rych-
losti pohybu, viz sekce 3.1.2.

• CB-SMoT – metoda založená na shlukováńı jednotlivých trajektoríı
podle změn rychlosti pohybu, viz sekce 2.6.1.

• DB-SMoT – metoda založená na shlukováńı jednotlivých trajektoríı
podle změn směru pohybu, viz sekce 2.6.1.

6. Identifikace mı́st zastaveńı – výsledky každé metody pro všechny trajekto-
rie jsou předloženy EM algoritmu za účelem nalezeńı shluk̊u potenciálńıch
mı́st zastaveńı. Podobně jako u hledáńı vstupńıch a výstupńıch mı́st je i
zde počet shluk̊u nadhodnocen. Výsledné shluky jsou taktéž podrobeny
ověřeńı, zda je jejich hustota dostatečná vzhledem k uživatelsky specifiko-
vanému kritériu. Dostatečně husté shluky jsou pak označeny jako zaj́ımavá
mı́sta zastaveńı.

Všechny kroky fáze identifikace význačných mı́st byly implementovány v jazyce
C++. Pro př́ıstup k dat̊um bylo využito rozhrańı VTApi, které je vyv́ıjeno
v rámci projektu MVČR VG20102015006 –

”
Nástroje a metody zpracováńı

videa a obrazu pro boj s terorismem“.
Celý výše uvedený proces byl opakovaně prováděn pro r̊uzná vstupńı data,

r̊uzná nastaveńı uživatelských parametr̊u ověřovaných metod a r̊uzná nastaveńı
parametr̊u shlukováńı, včetně počtu shluk̊u.

Z provedeného experimentálńıho ověřeńı lze vyvodit následuj́ıćı závěry:

• Zvolený př́ıstup k identifikaci význačných mı́st sledované oblasti neńı vhod-
ný pro datové sady obsahuj́ıćı velké množstv́ı trajektoríı, které jsou ne-
kompletńı nebo přerušené a podobně. Vstupńı datová sada tak muśı být
velmi kvalitńı, což však v př́ıpadě reálných dat často splněno neńı.

• Algoritmus Expectation-maximization neńı pro účely identifikace význač-
ných mı́st scény př́ılǐs vhodný, zejména kv̊uli nutnosti přesně specifikovat
ćılový počet shluk̊u. Lepš́ıch výsledk̊u by potenciálně mohlo být dosaženo
např́ıklad pomoćı algoritmu Mean-Shift.

• Ověřované a porovnávané algoritmy pro hledáńı zaj́ımavých mı́st zastaveńı
neposkytovaly v žádném testovaćım př́ıpadu významně odlǐsné výsledky.
Z tohoto d̊uvodu lze tvrdit, že základńı jednoduchá metoda je pro tyto
účely dostačuj́ıćı.

5 Závěr

Źıskáváńı znalost́ı z dat pohybuj́ıćıch se objekt̊u je významou oblast́ı analýzy
časoprostorových dat. V kapitole 2 byly představeny typické úlohy dolováńı
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v datech pohybuj́ıćıch se objekt̊u a existuj́ıćı metody pro jejich řešeńı. Nejprve
bylo posáno hledáńı vzor̊u pohybuj́ıćıch se objekt̊u se zaměřeńım na vztahy mezi
objekty, na frekventované pohyby a periodické vzory. V daľśı části byla pozor-
nost zaměřena na dolováńı v trajektoríıch pohybuj́ıćıch se objekt̊u. Do této
skupiny úloh patř́ı shlukováńı trajektoríı, predikce budoućı pozice, klasifikace
trajektoríı a detekce odlehlých hodnot. V závěru kapitoly byl představen pojem
sémantických trajektoríı, které přirozeně rozšǐruj́ı zavedený pohled na trajek-
torii jako na posloupnost časoprostorových bod̊u o sémantické rysy odrážej́ıćı
geografické pozad́ı a doménově specifické znalosti konkrétńı aplikace. Pozor-
nost byla zaměřena zejména na existuj́ıćı algoritmy pro obohaceńı trajektoríı
o sémantickou informaci.

Významným zdrojem velkého množstv́ı dat popisuj́ıćıch pohyb objekt̊u jsou
v současné době dohledové kamerové systémy. Tyto systémy neustále pořizuj́ı vi-
deo data, která je nutné zpracovávat a analyzovat za účelem pochopeńı chováńı
objekt̊u pohybuj́ıćıch se ve scéně sledované dohledovou kamerou. Vzhledem
k obrovskému množstv́ı dat je potřeba proces analýzy aktivit a chováńı ob-
jekt̊u zautomatizovat. Touto problematikou se zabývala kapitola 3. Nejprve byly
představeny existuj́ıćı př́ıstupy k modelováńı pohybu objekt̊u ve sledované ob-
lasti a metody učeńı tohoto modelu. Závěrečná část této kapitoly se pak věnovala
jednotlivým úlohám analýzy aktivit a chováńı objekt̊u s využit́ım modelu sle-
dované oblasti.
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Systems, ročńık 12, 2006: s. 45–54.

[5] Bashir, F. I.; Khokhar, A. A.; Schonfeld, D.: Object Trajectory-Based
Activity Classification and Recognition Using Hidden Markov Models.
IEEE Transactions on Image Processing, ročńık 16, 2007: s. 1912–1919.
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Kaufmann Publishers, druhé vydáńı, 2006, ISBN 978-1-55860-901-3, 770 s.

[20] Han, J.; Kamber, M.; Pei, J.: Data Mining: Concepts and Techniques.
Morgan Kaufmann Publishers, třet́ı vydáńı, 2011, ISBN
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[32] Laube, P.; van Kreveld, M.; Imfeld, S.: Finding REMO – Detecting
Relative Motion Patterns in Geospatial Lifelines. In Developments in
Spatial Data Handling, 2005, s. 201–215.

[33] Lee, J.-G.; Han, J.; Li, X.: Trajectory Outlier Detection:
A Partition-and-Detect Framework. In Proceedings of the 2008 IEEE 24th
International Conference on Data Engineering, 2008, s. 140–149.

[34] Lee, J.-G.; Han, J.; Li, X.; aj.: TraClass: Trajectory Classification Using
Hierarchical Region-Based and Trajectory-Based Clustering. Proceedings
of the VLDB Endowment, ročńık 1, 2008: s. 1081–1094.
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1835–1842.

[57] Piciarelli, C.; Foresti, G. L.; Snidaro, L.: Trajectory Clustering and its
Applications for Video Surveillance. In Proceedings of the 2005 IEEE
Conference on Advanced Video and Signal Based Surveillance, 2005, s.
40–45.

[58] Piciarelli, C.; Micheloni, C.; Foresti, G.: Anomalous Trajectory Patterns
Detection. In Proceedings of the 19th International Conference on Pattern
Recognition, 2008.

[59] Rocha, J. A. M. R.; Oliveira, G.; Alvares, L. O.; aj.: DB-SMoT:
A Direction-Based Spatio-Temporal Clustering Method. In Proceedings of
the 5th IEEE International Conference on Intelligent Systems, 2010, s.
114–119.

38



[60] Sbalzarini, I. F.; Theriot, J.; Koumoutsakos, P.: Machine Learning for
Biological Trajectory Classification Applications. In Proceedings of the
Summer Program 2002, Center for Turbulence Research, 2002, s. 305–316.

[61] Song, X.; Shao, X.; Zhao, H.; aj.: An online approach:
Learning-Semantic-Scene-by-Tracking and
Tracking-by-Learning-Semantic-Scene. In Proceedings of the 2010 IEEE
Conference on Computer Vision and Pattern Recognition, 2010, s.
739–746.

[62] Spaccapietra, S.; Parent, C.; Damiani, M. L.; aj.: A conceptual view on
trajectories. Data & Knowledge Engineering, ročńık 65, 2008: s. 126–146.
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