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1 Executive Summary

This report describes techniques and results for off-line collective behaviours (T6.2) and on-line learning
(incremental learning) of collective behaviours and humanactivities (T6.3). The first part will describe
the techniques used to build collective behaviours by analysing offline large amounts of data. Next we
will detail how online learning is employed to perform continuous adaptive scene understanding.
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2 Introduction

One of the main scientific challenges in VANAHEIM is the unsupervised clustering and learning of
behavioural cues and/or patterns of activities. More precisely, we target to achieve collective behaviour
recognition and definition in automatic and domain-independent manner, thus stepping towards a system
suitable for analysing large amount of data from a variety ofdomains.

Because of the complexity of the task, most learning techniques in the domain of behaviour anal-
ysis have focused on object recognition [MG06, Lap06, DTS06], and on primitive event recognition
[XGM05, LCSL07, SP06, PC03, PFS05a] mainly through statistics computation. For behaviour recog-
nition, three main categories of learning techniques have been investigated.

• The first class of techniques learns the parameters of video understanding programs [HEC06,
MF03]. These techniques have been widely used in case of event recognition methods based on
neural networks [FMS04], nave Bayesian classifiers [SS05, LSW+06] and HMMs [GJH, WB01,
ABF06].

• The second class consists in using unsupervised learning techniques to deduce abnormalities from
the learnt events [ZGPBM05, FGR03, XG05, XG]. Eigenvector analysis is another unsupervised
technique employed to deduce common behaviours, or Eigenbehaviors as they are called [EP09].

• The third class of methods focuses on learning behaviour based on trajectory analysis. This class
is the most popular learning approach due to its effectiveness in detecting normal/abnormal be-
haviours; for instance, on abnormal trajectory detection on roads [PFS05b, SG00] or pedestrian
trajectory characterisation [AC07]. Hidden Markov Models (HMM) have also been employed to
detect different states of pre-defined normal behaviour [BKS07, Por04].

However, in VANAHEIM, we are interested in extracting meaningful activity clusters from the op-
erational point-of-view, which differs from simple trajectory clusters and normal/abnormal behaviour
extraction.

In VANAHEIM, our purpose is to learn all available human-centred features and events, so as to
generate clusters that can be relevant from the management and planning point of view. To do so, we
are learning not only the main trajectory (i.e. routes) and their characteristics (e.g. speed, proxemic
information...) but also the real activities identified (people buying tickets, going through the turnstiles,
using escalators, waiting at the platform...). The system thus stars in a first step by the unsupervised
learning of the main activity areas of the scene. We employ trajectory-based analysis of mobiles in the
video to discover the points of entry and exit of mobiles appearing in the scene and ultimately deduce
the different areas of activity. In a second step, mobile objects are then characterised in relation to the
learned activity areas. Two kind of behaviours can then be defined either ’staying in a given activity
zone’ or ’transferring from an activity zone to another’ or asequence of the previous two behaviours. To
obtain a robust model of the activity, we are analysing long periods of video recording.

In addition, so as to enable dynamic adaptation to unexpected or newly observed data, we need a sys-
tem able learn the activity clusters in an on-line way. On-line learning is indeed an important capability
required to perform behaviour analysis on long-term basis.For instance, if the clusters have been built
with data observing morning activities, evening activities can be miss-analysed and wrongly merged
with the already built clusters. To solve this, we propose tocontrol cluster learning rate with coefficients
indicating how flexible the cluster can be updated with new data. This propagation is performed locally
and incrementally to enable real-time processing.

To evaluate the results of the global system, we will proposenew evaluation criteria to better measure
the dispersion and overlapping rate between expert-built ground-truth and learned clusters.
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The remainder of this document is structured as follows. An architectural overview of the collective
behaviours building system is given in section3. The methodology for activity extraction is presented in
section 4. How we evaluate the proposed approach is explained in section 6. Finally, Section7 draws
the main conclusions and describes some perspectives.

3 General overview of the behaviours building system

In VANAHEIM, we are interested in extracting meaningful activity clusters from the operational point-
of-view. Our purpose will be thus to learn all available human-centred features and events, so as to
generate clusters that can be relevant from the management and planning point of view. To do so, we plan
to learn the main trajectories (i.e. routes) and their characteristics (e.g. speed, proxemic information...)
but also the real activities identified (people buying tickets, going through the turnstiles, using escalators,
waiting at the platform...). For the long-term analysis, large amounts of data corresponding to these
features will be stored on different purpose-oriented databases and analysed offline. The figure below
depicts the global architecture of VANAHEIM.

Figure 1: VANAHEIM general architecture. The Mid/Long-term analysis works on an autonomous way but can
also receive queries from the end-user. The module reads itsinput and stores its output on the Metadata DB.

The figure below contains more detailed information on the structure of the Metadata DB. This is
actually composed of three specific-purpose databases.

1. Audio-Video Metadata DB: The meta-data contained in thisdatabase consists of the data charac-
terizing the persons and events themselves. This information is updated following the real time
processing of the audio/video streams.

2. Mid-term Activity DB: The results written to this DB consists of a series of statistics on the number
of persons, the trajectory prototypes corresponding to themain flows, and events observed within
relatively mid/short analysis periods (a couple of hours) plus.

3. Long-term Activity DB: Analysis of trajectories, eventsand other features stored in the mid-term
DB are employed to find activity patterns not necessarily previously defined. The result will be
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written into the long-term DB

Figure 2: Detailed view of the Metadata DB employed for Long-term analysis.

A more functional view, showing the different analysis processes and interconnections with the dif-
ferent databases, is further shown in the figure below. Real-time components for object tracking and
event recognition send their output to a converter module, which places the data into the Metadata DB.
From there, there the Long-term analysis module will take its input and initiate the analysis.

The Long-term analysis module will take its input from the metadata DB and sequentially carry out
the following processes:

1. Trajectory analysis process: we perform here the analysis of trajectories. We study the mobile
speed variations in order to distinguish between the mobilein a stationary state or moving state.
The former one is more likely to give account of the interactions occurring between mobile objects
themselves and interactions between mobiles and the environment.

2. Event Analysis process: we aim here to index all events happening in the scene so thatin a
later stage we can relate them to other features of detected mobile objects. Indexed events can
be bahaviour events discovered by relating mobile trajectories to learned zones or other human
centered events gathered in the VANAHEIM system from other analysis algorithms.

3. Context analysis process: We aim here to automatically discover unknown activity zones of the
scene and build occupancy statistics having the whole topology at hand.

When these three processes are achieved, the results are written into the mid-term DB. Two subse-
quent processes are then initiated:

4. Activity analysis process: Three inputs are principally taken here. Trajectory type,Event and
other human centered features to build clusters of mobile objects involved in a common activity.

5. Statistical analysis process: meaningful descriptive measures on the discovered activities and
occupied zones are available to the end-user.
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Figure 3: Detailed view of the Metadata DB employed for Long-term analysis.

The whole system helps the manager or designer who wants to get global and long-term information
from the monitored site. The user can query the system and specify a period of time where he/she wishes
to retrieve and analyse stored information. Moreover, the discovered information on activity should help
to update scenario information required for event recognition. In this document we report the current
work, which has been adressed for processes 1,2,3 and 5. Process 4 is the subject of our future work.

4 Activity Analysis and Clustering

We understand activity as the interactions occurring between mobile objects themselves and those be-
tween mobiles and the environment. We employ trajectory-based analysis of mobiles in the video to
discover the points of entry and exit of mobiles appearing inthe scene and ultimately deduce the differ-
ent areas of activity. In a second step, mobile objects are then characterised in relation to the learned
activity areas.

4.1 Trajectory analysis process

In order to discover meaningful activity, it is of prime importance to have available detailed informa-
tion allowing to detect the different possible interactions between mobiles. As our system is based on
trajectory analysis, the first step to prepare the data for the activity clustering methodology is to extract
tracklets of fairly constant speed allowing to characterise the displacements of the mobile or its stationary
state.

If the dataset is made up ofN objects, the trajectorytrj for objectOj in this dataset is defined as the
set of points[xj(t), yj(t)] corresponding to their position points; x and y are time series vectors whose
length is not equal for all objects as the time they spend in the scene is variable. The instantaneous speed

for that mobile at point[xj(t), yj(t)] is thenv (t) =
(

ẋ (t)2 + ẏ (t)2)
1
2 . The objective is then to detect

those points of changing speed allowing to segment the trajectory into tracklets of fairly constant speed
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so that the trajectory can be summarised as a series of displacements at constant speed or in stationary
state.

The mobile object time series speed vector is analysed in theframe of a multiresolution analysis of a
time series functionv (k) with a smoothing function,ρ2s (k) = ρ (2sk), to be dilated at different scales
s. In this frame, the approximationA of v (k) by ρ is such thatA2s−1v is a broader approximation of
A2sv. By analyzing the time seriesv at coarse resolutions, it is possible to smooth out small details and
select those points associated with important changes.

The speed change points are then employed to segment the original trajectorytrj into a series of
i trackletstk. Each tracklet is defined by two key points, these are the beginning and the end of the
tracklet,[xi

j(1), yi
j(1)] and[xi

j(end), yi
j(end)]. By globally reindexing all tracklets, letm be the number

of total tracklets extracted, we obtain the following tracklet feature vector :

tkm = [xm(1), ym(1), xm(end), ym(end)] (1)

4.2 Context analysis process

Modeling the spatial context of the scene is essential for recognition and interpretation of activity. Be-
cause it is not possible to define a-priori all activity zones, manually defined Contextual zones do not
suffice to describe all possible situations or evolving actions in the monitored scene. We thus propose to
learn the complementary activity zones.

The feature vector defined in equation1 constitute a set of simple descriptors that have proven ex-
perimentally to be enough to describe activities in a large variety of domains (such as traffic monitoring,
subway control, monitoring smart environments), mainly because they define where the object is coming
from and where it is going to and also with approximative constant speed.

In our system, mobiles starting (or ending up) their displacement at nearby positions are seen to share
a common activity area. Finding thus the activity areas on the scene could be seen as an equivalent task
of clustering entry/exit tracklet points. Different common clustering algorithms such as k-means, Self
Organising Maps, etc... can be used but the drawback is, first, the number of clusters must be known in
advance, and second, the spatial morphology of the resulting clusters is always circular, which may not
correspond to the real scene topology. In our approach, we propose to find first high resoluted (small
in size) entry/exit activity zones, which in a second step could be further regrouped to obtain broader
activity zones (following an hierarchical agglomerative algorithm).

4.2.1 Clustering of tracklet entry/exit points

For this first step, we employ the well-known clustering Leader algorithm [Har75]. It has the advantage
to work on-line without needing to specify the number of clusters in advance. In this method, it is
assumed that a thresholdT is given. The algorithm constructs a partition of the input space (defining a
set of clusters) and a leading representative for each cluster, so that every object in a cluster is within
a distanceT of the leading object. The thresholdT is thus a measure of the diameter of each cluster.
The algorithm makes one pass through the dataset, assigningeach object to the cluster whose leader
is the closest and making a new cluster, and a new leader, for objects that are not close enough to any
existing leaders. DefiningT is application dependent. In this work we have employed the threshold
setting suggested by [Pat11].

Let’s consider the position of a mobile isL(x,y), its influential zone,Zn, is defined by a radial basis
function (RBF) centered at the positionL; and the belonginess of a new point p(x,y) to that zone is given
by:

Zn(L, p) = φ(L, p) = exp(−‖p − L‖2
T 2) (2)

The RBF function has a maximum of 1 when its input isp = L and thus acts as a similarity detector
with decreasing values outputted wheneverp strides away fromL. An object element will be included
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into a clusterZn if Zn(L, p) ≥ 0.5, which is a natural choice. The cluster receptive field (hyper-sphere)
is controlled by the learnt parameterT

4.2.2 Merging tracklet entry/exit zones

We find the final activity areas by aggregating similar entry/exit tracklet zones. We look to establish a
similarity relation between the different zones defined by the tracklets. On the end, new zones are given
by the fulfillment of two relations: 1) zoneZni overlaps zoneZnj , and 2) zoneZnj does not overlap
any a-priori user-defined contextual ZoneZctxq. These relations are defined:

R1ij: ZoneZni overlaps ZoneZnj

R1ij =
3

∑

k=1





∑

(x,y)∈(Xik ,Yik)

Znj(x, y)



 (3)

and Xik =
n

(k+1)
3

T cos (θ) + Li(1)
o

,

Yik =
n

(k+1)
3

T sin (θ) + Li(2)
o

with θ = 0, ..., π

8
, ...,2π

That is, points(x, y) ∈ (Xik, Yik) belonging to concentric circles toLi are tested to verify how they fit
Znj in order to calculate the overlap/similarity betweenZni andZnj. This allows avoiding equity prob-
lems with clusters defined on sparse regions (some clusters may be defined with a much larger number
of points than others).

R2iq: ZoneZni overlaps ZoneZctxq

R2iq =

3
∑

k=1





∑

(x,y)∈(Xik ,Yik)

Zctxq(x, y)



 (4)

It is possible to transform R2 into a new relation, R3, which links Zni andZnj if both clusters are
related to the same ZoneZctxq through the fulfillment of R2. The relation betweenZni andZnj is then
given by

R3ij = max
q

min [R2iq, R2qj] (5)

Remark thatR3, the complement toR3 given byR3 = −R3, represents the relation linkingZni

andZnj if both clusters are not related to any contextual Zone (Zctxq). R1 andR3 can be aggregated
employing a soft computing aggregation operator such asR = R1 ∩ R3 = max

(

0, R1 + R3 − 1
)

and
made transitive with:

R ◦ R (x, y) = max
z

min [R (x, z) , R (z, y]) (6)

R is now a transitive similarity relation withR indicating the strength of the similarity. If we define
a discrimination levelα in the closed interval [0,1], anα − cut can be defined such that

Rα (x, y) = 1 ⇔ R (x, y) > α (7)

It is thus implicit thatα1 > α2 ⇔ Rα1 ⊂ Rα2 ; thus, theRα form a nested sequence of equivalence
relations, or from the classification point of view,Rα induces a partitionπα = {Zα

i } of X × Y (or X2 )
such thatα1 > α2 impliesπα1 is a refinement ofπα2 .

At this point, the difficulty comes down to select the appropriate α − cut such thatπα from Rα

represents the best partition of the data. This is still a difficult and open issue that we choose to approach
by selecting the alpha-values, which induce a significant change fromπαk to παk+1 .
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To automatically detect those significant partition changes we choose to study the cluster area and
number of clusters induced at each partitionπα. We achieve this in the frame of a multiresolution
analysis. By analysing induced partitions at coarse resolutions, it is possible to smooth out small details
and select theα − cut levels associated with important changes. From the monitored scene, it would be
useful to distinguish among different information levels:(i) grouped activity on large spaces, (ii) very
detailed individual activity, (iii) somewhere meaningfulin-between the last two. For this reason, when
performing activity zone discovery, we automatically select the three highest change-inducersα − cut

levels from the previous analysis. The result is then that weend up with a three levels hierarchy of
activity zones.

4.3 Event Analysis process

We aim at creating a system for the recognition and interpretation of human activity and behaviour, and
extract new information of interest for end-users. Low-level tracking information is thus expected to
be transformed into high-level semantic descriptions conveying useful and novel information. In our
application, we establish a semantic meaning from the scenemodel built as described in the previous
section (4.2). The behaviour knowledge can be thus expressed with semantic concepts, instead of using
quantitative data, thanks to the learned zones and any user-defined contextual zone. Let us assume, we
have in totalk = 1, ..., K contextual zones on the scene defined either a-priori, or after the zone learning
procedure. Two different kinds of behaviour events can thenbe identified:

• Mobile moving from ZoneZctxk to ZoneZctxk′

• Mobile Inside ZoneZctxk

4.4 Statistical Analysis process

Statistical information can be obtained from the mobile objects and the contextual objects as well as
their interactions. This is a major information source for the end-user. For instance, on large metro video
recordings, there is spatial and temporal information on the use of contextual objects.

In order to have a clear and compact representation of the human activity evolving on the video,
we have divided all related information to objects and events detected on the video into three differ-
ent semantic tables: mobile objects table, events table andcontextual objects table. Some structured
knowledge representation had been introduced before but inthis contribution we propose a semantic
representation which takes also into account interactionsbetween tracked objects in the video and their
environment.

Each column in Table1, presented below, contains the fields that we have included for each semantic
table. Statistical information obtained from the semantictables we have set up allow for a comparative
analysis of contextual objects in the scene. The user can then choose the activity area to analyse from all
automatically learned zones. The temporal evolution of an activity zone can also be followed as well to
add for more descriptive statistics for the end user.
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Table 1: The three different generated semantic tables.

Mobile Objects Table Events Table Contextual Objects Table

- id. The identifier label
for the object.
- type. The class the ob-
ject belongs to: Person,
Group, Crowd or Lug-
gage.
- start. Time the object
is first seen.
- end. Time the object is
last seen.
- shape. The label
describing the ob-
ject’s shape depending
on the object’s ratio
height/width.
- involved eventsid.
All occurring Events
related to the identified
object.
- significant event. The
most significant event
among all events. This
is calculated as the most
frequent event related to
the mobile object.
- trajectory type. The
trajec-tory pattern char-
acterising the object.

- id. The identifier label
for the detected Event.
- type. The class where
the Event belongs to (i.e.
‘close to’, ‘stays at’,
. . . )
- start. First moment on
which the Event is de-
tected.
- end. Last moment on
which the Event is seen.
- in-
volved mobile object id.
The identifier label of
the object involved in
that event.
- in-
volved ctx object id.
The name of the contex-
tual object involved in
that event.

- id. The identifier label
- type. The class of the
object
- significant event. The
most significant event
among all events but
referring to contextual
objects.
- start; - end. refer to
the first and last instant
the mobile object inter-
acts with the contextual
object
- involved eventsid. All
occurring Events related
to the identified contex-
tual object.
- rare event. This is the
rarest event.
- event histogram.
Gives the frequency
of occurrence of all
involved events.
- in-
volved mobile objects id.
All detected mobile ob-
jects interacting with
the contextual object of
interest.
- his-
togram mobile objects.
Gives the frequency
of appearance for all
involved mobile objects.
- useduration . Percent-
age of occupancy (or use
of a contextual object).
For instance, the Ticket
Machine has a 10% of
use over the observation
time.
- mean time of use. Av-
erage time of interactions
between the mobile ob-
ject and the contextual
object.
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5 Results

The algorithm for unsupervised learning of activity areas (as described in section4.2) was applied to a
one hour-duration video recorded at one entrance hall from the Torino underground system. The final
relationR given in equation (6), which verifies the transitive closure, is thresholded fordifferentα−cut

values going from 0 to 0.9 and with a step value of 0.05. The algorithm automatically selects the best
α − cut value giving a detailed composition of the activity areas ofthe scene as mentioned in section
4.2.2. Additionally, the system gives also the possibility to theend user to select the partition containing
the number of activity areas which may suit best his needs . Figure 4 presents the observed scene at the
Turin metro station and from the camera we are currently analysing. Figure5 presents some manually
defined zones and a top view representation of the scene. Those user defined areas are:

• zoneMap1 (ZM1)

• zoneMap2 (ZM2)

• zoneVendingMachine1 (ZVM1)

• zoneVendingMachine2 (ZVM2)

• zoneEntrance1 (ZE1) (north entrance)

• zoneEntrance2 (ZE2) (south entrance)

• zoneHall (ZH)

• zoneTurnstiles (ZT)

Finally, figure 7 presents those learned zones corresponding to the analysedvideo. Four different
activity levels are calculated from the system. The first level groups all the activity in the scene and
thus gives the information as a single activity area where individuals are moving around in the station.
The second level gives the information of activity occurring in broad areas. The four level gives activity
information with smaller and more detailed areas. The thirdlevel is a compromise between levels two
and four. It can be observed that at the different granularities, those areas which are the most employed
are: The entry/exit areas to the station, the turnstiles area, and at a lower degree, the areas corresponding
to the vending machines. This can be better observed in figure7 depicting only those activity areas most
transitted.

Figure 4: VANAHEIM observed scene: the DiciottoDicembre station hall

As mentioned in section4.3, we achieve behaviour carachterisation by linking low-level tracking
to the learned zones. The whole activity observed from the scene can then be reported following the
behaviours inferred from the learned zones. For instance, for the ticket machine area (zone Zn5), the
obtained report is given in table2. Zone Zn5 corresponds to the vending machine most used from the
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Figure 5: Left panel: Original underground scene observed by the camera with user defined areas delimitating the
scene. Right panel: Top view of the observed scene.

Figure 6: Learned zones correspond to activity areas
as discovered with our algorithm. Different granularity
levels allow understanding the activity with different res-
olutions

Figure 7: Most transitted zones. Color intensity corre-
sponds to number of detected mobiles in the zone.

two in the station hall. Most people (7 out of 11) going to thisvending machine depart from the Zone
Zn4 (the south entry/exit of the station); and people at the vending machine go to the turnstiles to enter
the station. While at the vending machine, people tend to spend in the mean 12 seconds.
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Table 2: Activity reporting (not exhaustive) related to thevending machines area.

Number of
mobiles

Description Semantic

9 Zone 4 to Zone 5 South entry to VM1

7 at Zone 5 Stays at VM1

4 Zone 5 to Zone 47 VM1 to Turnstiles

1 Zone 5 to Zone 2 VM1 to Turnstiles

When arranging the occurring events according to their semantic, and looking at their frequency of
ocurrency , it is possible to observe (from table3) that the most common activities carried out in the
station hall are people detected at the north station entry/exit, people detected at the turnstiles area and
the flow of people between these two areas (representing already 50% of the whole station activity).
On the other hand, rare activities are for instance those of people going through the station from one
entry/exit to the opposite entry/exit or going from the Turnstiles area to the vending machines. We have
visually (i.e. observing the video) verified the correctness of frequent and rare activities.

Table 3: Most common / rare activities.

Proportion Number of mobiles Semantic

29.7% 98 at zone Turnstiles

13.6% 45 at zone South Entry

7.2% 24 zone South Entry to zone Turnstiles

6.0% 20 zone Turnstiles to zone South Entry

5.1% 17 at zone North Entry
. . .

0.30% 1
zone Vending machine1 to zone Vending
machine2

0.30% 1
zone Turnstiles to zone Vending ma-
chine1

0.30% 1 zone North Entry to zone South Entry

In order to cope with activity changes that normally occur when observing long periods of video,
activity clusters have to be updated online when new data is available. Because in our approach we
achieve behaviour characterization by linking low-level tracking to the learned zones. Keeping our
behaviour patterns up to date implies maintaining the set oflearned zones also updated with the arrival
of new data by aggregating new activity zones if such zones appear and enlarging or diminishing already
learnt zones according with the use of the station. This process is graphically explained in figure8
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Figure 8: Online learning process to maintain learned zonesof activity up to date.
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Figure 9: learned zones online at two different days.

Figure 10: Activity evolution at the vending machine1 for the same period at two different days.

Online learning allow us then to process large amounts of video and calculate statistics which are
meaningful for the end user. For instance, learned zones corresponding to entry/exit areas in the station
or those corresponding the vending machines are the most interesting to follow in their temporal activity
evolution.

Figure9 shows for instance those activity zones learnt online at twodifferent days and which show
some occupancy in the period 21:00 to 22:00 in the evening. Asit can be observed, some zones are
incrementally added like that corresponding to the vendingmachines2, which appears not to be occupied
for the same period in the first analised day. Accordingly other zones have shrunk or enlarged given the
frequency of travelers in the station at that period.

We can compare a specific activity zone like that corresponding to the vending machine1 in two
different days. Figure10 shows the number of users detected in that activity zone for two consecutive
days and at the same period. It can be observed that in the second day the use of the vending machine has
clearly increased. This kind of statistics on long time records are of prime importance to the end-user.
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6 Evaluation of the proposed approach

The primary objective of this evaluation process is to establish how accurately

• Events are recognized from trajectory endpoints

• Activities are discovered

The evaluation is made directly inside the DB. Rather than manipulating simple database types like
string or integer, spatial feature offers in a consistent way points, trajectory and polygons types. Af-
ter detailing the experiment in terms of video and resources(metadata DB), the evaluation process is
exposed.

6.0.1 Video data and metadata

Data set:

1. The evaluation is conducted using 1-hour long video from VAHAHEIN dataset.

Metadata DB:
From these videos, metadata, containing people trajectories, are produced based on the IDIAP people

detection and people tracking algorithms.
In this part of the document we refer to this metadata as “metadata DB”.

Zone and activity reference data:

The recognized events are the people motions from one zone toanother zone or staying in one zone
as stated in4.3. So we have people

• Entering a zone

• Leaving a zone

• Staying for a while in a zone

The discovered activities are the chain of events like entering, staying and leaving zone for the same
person ordered by the time in which the events happen.

The reference data correspond then to eight predefined zones, which are those in figure5

Based on these zones, reference activity classes are built up from the metadata DB trajectories (called
reference trajectories) processed from the one-hour video. One trajectory corresponds to one reference
activity class. 213 DB trajectories have been validated visually by human operator. The wrong trajecto-
ries have been removed.
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The reference activity is an ordered set of the reference
zones intersected by a reference trajectory:

An activity is defined if

, with the set of trajectories

and the set of reference zones, such that

In the opposite figure we see the trajectory of one per-
son entering in zoneEntrance1 (ZE1), going across zon-
eVendingMachine1 (ZVM1) and zoneHall (ZH).
So the activity is defined as
zoneEntrance1to zoneHallto zoneVending. . .
zoneEntrance1 label.

6.0.2 Evaluated Algorithms

The firt step of the zone discovery algorithm is a clustering algorithm using the leader algorithm.
Different initiation techniques are tested with the LeaderClustering algorithm and are described

hereafter:

Iterative initiation technique : As soon as the arriving points are too far, new clusters are created,
iteratively.

Grid-based initiation technique: the first leaders are the vertices of the grid covering the scene. The
number of vertices is the only parameter to be set (dynamically or not).

Density-based initiation technique: the first leaders are the vertices with the most surrounding
neighbors.

There are two implementations of the zone discovery algorithm. The First implementation is done in
matlab and the other one in PL/SQL (relational database style implementation). The PL/SQL implemen-
tations are the one implementing all different initiation techniques. The matlab implementation contains
the first two. In this work we have focused on the iterative initiation technique because it delivers more
accurate shaped zones.

In figure 2 a “zoneEntrance1” zone is one of the reference zones and in this case, zones 9,19 and 1
are mapped to “zoneEntrance1”. As a result in figure 2b we see the new names for several learnt zones.

6.0.3 Evaluation processes

The reference zones are built up from reference activities;the output of a discovered activity is one or
two zones corresponding to the motion of the people within the observed scene. The evaluation process
consists thus in calculating the distance between the discovered zones and the reference zones.

Zone overlapping distance

We define the distance between the reference zones and a discovered zone the overlap
between these two zones.
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For every discovered zone we search for the reference zone that overlaps the most in term of common
area.

,with the set of learnt zones, at most

,with the set of reference zones,
such that

Therefore is renamed with the intersection name and

dist( , )=Area( )/max(Area( ),Area( )).

In figure11 a “zoneEntrance1” zone is one of the reference zones and in this case, zones 9,19 and 1
are mapped to “zoneEntrance1”. As a result we see, in the right panel of the figure, the new names for
several learnt zones.

Figure 11: Left panel: Overlapping between learned zones and reference zones. Right panel: Renaming of learnt
zones.

We call a True Positive zone (TP) any such that dist( , ) > 20%

We call a False Positive zone (FP) any which does not intersect any reference zone.
This FP zone could correspond to an area where rare event occurs and which the user has not modeled.
We call False Negative zone (FN) any reference zone that has no intersection with the discovered

zones.
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6.0.4 Evaluation results

0ne-hour sequence Matlab implementation Database implementation

Num. True Positives 26 7

Num.False Positives 3 0

Num. False Negatives 1 4

Precision (global) 0.89 1

Sensitivity (global) 0.96 0.63

Precision (P) = TP/(TP+FP)
Sensitivity (S) = TP/(TP+FN)

Runs results Overall Remarks

• Event detection accuracy is not part of the current evaluation

• Noise reduction (ie trajectory filtering based on number of frames for example) is reported to future
works for the sql implementation (done already in matlab)

• The evaluation is highly sensitive to reference zones

Visual Analysis

Both False Positive and False negative are identifiable:

• False Positive visualization:

In the figure Eval01 the trajectory
going from zone 16 to zone 26 in-
tersects zone 3. But neither zone 16
nor zone 3 overlap with any refer-
ence zone.

• False Negative visualization:

In figure Eval02 the reference zone
zoneMap2 matches with no discov-
ered zone enough. The reference
zone 26 is overlapping the most
with reference zone zoneVending2
instead.

figure Eval01 figure Eval02

Page 23 of 29



FP7 VANAHEIM IP project n◦248907

6.1 Database Processing: Centralized Consistent repository

The database structuring mechanisms as schema, tables and views offers simple and efficient way To
organize data, keeping track of the whole life cycle of formatting, combining and aggregating tasks
required by the performance evaluation process.

Figure 12: Database processing organisation.

This figure presents the main schema needed to calculate and enhance performance evaluation. Here-
after short details are provided for each of them.

• file in:file in stands for file inputs. This schema contains all the files, xml or text ones, inserted
into database to be processed.

• file to xgtf:This schema contains the functions to select and process xgtf files.

• xml1 to dm in:xml1 to dm in stands for ”xml1 files to data-mining inputs”.

• kd:KD schema stands for ”Knowledge discovery”. It contains all the data produces by the cluster-
ing algorithm runs.

• file to gt: Schema containing all formatting functions required to format ground truth files to be
processed by metrics.

• xml3 to xml3 out: Xml3 out is the data repository structures for formatted xml3 data

• dm in to dm: dm in to dm is used to produce points and trajectories data structures.

• kd to algo out: kd to algo out schema stands for ”Knowledge discovery to algorithms output”. It
contains all the functions implementing formatting of dataresulting from algorithms runs. It also
contains the logging tables to track eventual errors.

• xgtf: Contains the data extracted from xgtf files. The information are splitted in two tables per file

• xgtf to gt: this schema contains the function to format and export to gtschema the data from xgtf
files.
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• xml3 out: this schema contains the formatted data coming from xml3 files.

• dm: dm stands for data-mining. This schema contains all the inputs the algorithms will process.

• algo out: Stands for ”algorithms output”. This schema contains the data produced by algorithm
runs.

• gt to gt: This schema contains the functions to format and enhance the basic data structures with
spatial data types

• gt: gt stands for ”ground truth”. It contains the data requiredto evaluated algorithms.

• visual: This schema contains the tables dedicated to be visualizedthrough GIS spatial client

• metric: metric schema contains the functions implementing specific metrics.

6.1.1 Automated performance evaluation

Figure 13: Automated performance evaluation organisation.

• create cofnd zne table fn: this function extract from kd schema the zones defined in thecofnd dsvzns
table. As input parameter is chosen an identification name for the algorithm run.

• format gt algo out zne int fn: this function do the matching between the ground truth zones and
the learned ones.It results in many discovered zones with the same ground truth zone name.

• cf4 4 commonframesobs gt traj fn this function produce the trajectories and annotate them in
term of TP,FP,FN

• cf4 4 commonframesobs gt fn this function generate the 4.4 metric results ventilated byevent-
name as well as consolidated

• zne int ... agg: zne stands for zone int stands for intersection agg stands for aggregate
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6.1.2 Structuring and building aggregates

In addition to traditional metadata belonging to frames, GIS points and GIS lines are used to store
coordinates as well as temporal information. The trajectory being a GIS line made of all the points of
the trajectory. The M GIS dimension stores the corresponding frameid information.

Then instead of manipulating 15 000 points, corresponding about one hour frames, we end up with a
database table with a bit more than 200 lines, one line per mobileid. Furthermore, the zones, both from
ground truth and learned ones, are associated with convex hull GIS polygon. Last structure filling the
gap with our needs.

6.1.3 Spatial operator based processes

With lines and polygons we can determine overlapping area, intersecting zones and trajectories now.
Intersect and overlap GIS spatial operator offer an efficient way to query all the information we have at
once in a single pass, with respect to relational closure.

Then in a scalable and easy way it has been possible to enhancematching procedure of concordant
events present in ground truth and by the clustering algorithm. Initially, the matching between learned
event and ground truth was done truth selecting among learntzones, from the algorithm, the single one
overlapping the most the ground truth zone. Instead, a simple SQL query enforcing a one-to-many
relationship sufficed to associate one ground truth zone to many learnt ones.

The SQL expressions extended with spatial operators provedto be enough to implement and tune the
whole performance evaluation process in a smooth and self-descriptive way.
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7 Conclusion

In this report we have presented the current progress for off-line collective behaviours (T6.2) and on-line
learning (incremental learning) of collective behavioursand human activities (T6.3). So far we have
setup a system which stars in a first step by the unsupervised learning of the main activity areas of the
scene. In a second step, mobile objects are then characterised in relation to the learned activity areas:
either as ’staying in a given activity zone’ or ’transferring from an activity zone to another’ or a sequence
of the previous two behaviours if the tracking persits long enough. This characterisation has allowed
us to obtain already informative statistics on the use of thestation following the employed camera, and
discover what are the main activity areas and main displacements of people in the station. Applying
on-line learning the system is able to continuously processlong-term video recordings. In this document
we have shown examples from the analysis of two consecutive days of how activity zones can be learnt
incrementally and refined according to the station use. Our current evaluation signals encouraging results
and we are progressing towards an efficient sql implementation. Our future work consists in a more
complex characterisation of the mobiles by including otherfeatures such as timestamp and speed.
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