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This paper presents a video surveillance framework that robustly and efficiently detects abandoned
objects in surveillance scenes. The framework is based on a novel threat assessment algorithm which
combines the concept of ownership with automatic understanding of social relations in order to infer
abandonment of objects. Implementation is achieved through development of a logic-based inference
engine based on Prolog. Threat detection performance is conducted by testing against a range of datasets
describing realistic situations and demonstrates a reduction in the number of false alarms generated. The
proposed system represents the approach employed in the EU SUBITO project (Surveillance of Unat-
tended Baggage and the Identification and Tracking of the Owner).
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1. Introduction

In recent years there have been a number of incidents where
terror organisations have planted explosive devices in ordinary
baggage to cause immense disruption in mass transportation net-
works and other areas of critical infrastructure. Due to the poten-
tially devastating consequences of such terrorist activity, the
monitoring and surveillance of unattended baggage has become a
priority for the security operators of mass transportation networks
and other critical infrastructure. The overriding goal is to minimise
the number of false alarms. Towards this goal, the main contribu-
tion of this work is the development and evaluation of behaviour
analysis methodology permitting robust identification of a bag-
gage-owner while minimising false positives. The approach taken
advances the state of the art in abandoned bag detection by intro-
ducing the concept of ownership and combines it with automatic
understanding of social groups to infer abandonment. To achieve
the goal, a framework (see Fig. 1) has been developed consisting
of a complete fourfold process, detection – tracking – situation
ll rights reserved.

: +44 118 9751994.
n@reading.ac.uk (J. Ferryman).
analysis – threat assessment. This paper is divided as follows.
Firstly, in Section 2 related research is detailed, followed in Sec-
tions 3–5 by descriptions of the system components. In Section 6
the datasets used and results of experiments are presented before
concluding in Section 7 with conclusions and recommendations for
future research.

2. Related work

There exists a significant body of academic research addressing
the task of robustly identifying abandoned baggage in public
spaces. Most authors treat detection of abandoned (or left) objects,
especially luggage, as the task of static object detection, with (Birch
et al., 2011; Tian et al., 2010) or without (e.g. (Evangelio and Sikora,
2011; Porikli et al., 2008)) the application of tracking. Tian et al.
(2010) present a framework to detect abandoned and removed
scene objects based on background subtraction and foreground
analysis, combined with tracking output to reduce false positives.
Birch et al. (2011) employ motion segmentation based on a GMM
with fast learning and a motion history image (MHI). For tracking
of stationary objects, the edge map (3 � 3 Sobel filter) for each pix-
el is computed and matched) by correlation of edge directions. A
comparative evaluation of stationary foreground detection
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Fig. 1. General framework of the automated threat detection system.
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algorithms based on background subtraction is given in (Bayona
et al., 2009).

There has been some attempt at human activity recognition and
association to scene objects. In (Lu et al., 2007) moving objects are
tracked using shape and colour features and Kalman-based filter-
ing, and classified using eigen features and Support Vector Ma-
chine. A package is defined as a non-human object and package
ownership analysis performed using HMM-based human activity
recognition.

2.1. Dataset based challenges

The most widely used datasets with which to evaluate ap-
proaches to abandoned bag detection have been from (PETS,
2007; PETS, 2006) and from the UK Home Office i-LIDS (2007).
The dataset provided for the PETS (2006) challenge consists of 7
multi-camera scenarios involving an increasing number of people
and passers-by. Most of the submissions to PETS2006 were based
on background subtraction combined with a blob tracker (Auvinet
et al., 2006; Guler and Farrow, 2006; Krahnstoever et al., 2006; Li
et al., 2006; Martínez-del-Rincón et al., 2006; Smith et al., 2006),
with the exception of Lv et al. (2006) who rely on a more realistic
human model by incorporating a human detector. Most often, when
an object is not moving and its size is beneath a given threshold, it is
assumed to be a standing bag. Smith et al. (2006) propose a proba-
bilistic approach in which people and bags are classified based on
the immediate history of their size and velocity. Another approach
from PETS2006 is to use a slow-decay background model to detect
stationary objects (Guler and Farrow, 2006). To be able to apply the
PETS2006 rules for abandoned baggage (the owner is further than a
metres for more than b seconds), the owner is usually defined as the
nearest tracked object when the standing bag appears (Krahnsto-
ever et al., 2006; Lv et al., 2006) or by examining blob splits during
tracking (Auvinet et al., 2006; Guler and Farrow, 2006; Smith et al.,
2006). When a standing bag and its owner are identified, it is
straightforward to apply the PETS2006 abandoned-bag rules. The
simplicity of the scenarios allows very limited situation awareness
and was designed mainly to test if the low level processing stages
are sufficient to cope with real-world scenarios.

The PETS (2007) challenge focusses on two additional scenarios:
theft and loitering. The videos are much more challenging from the
tracking point of view as the scenes are more crowded. There are
eight scenarios, each viewed from four cameras. Two submissions
to the challenge go beyond classical approaches to blob tracking
and split-track analysis (such as (Arsić et al., 2007; Dalley et al.,
2007)) and slowly/quickly adapting background models (such as
Porikli and Yin (2006)). Firstly, Ribeiro et al. (2007) use a Tempo-
ral-JointBoost algorithm for each blob being tracked to classify it
into a person-walking, not moving, a person picking-up/leaving a
bag, or an abandoned bag. The basic idea is to incorporate temporal
features (optical flow, motion energy) into the classification pro-
cess over some temporal window. Secondly, Ardö and Aström
(2007) use an HMM to improve the temporal consistency of the
tracking and show how to use an HMM efficiently in this setting.
These approaches demonstrate the potential advantages of consid-
ering a longer temporal window for activity analysis. Nevertheless,
the situation awareness in the PETS 2007 challenge is again very
simple – reduced to comparing the distance of a bag to its owner
(abandoned bag, theft) or measuring the time for which a person
stays in the scene (loitering).

The UK Home Office have developed an image library (i-LIDS,
2007) to help researchers and designers to evaluate video based
detection systems to meet Government requirements. The i-LIDS
library includes an abandoned luggage dataset including several
challenges of single instances of left luggage on a metro platform
in the presence of passing passengers and trains. While the dataset
is useful for evaluating detection algorithms it remains limited
because it is monocular and also does not contain examples of
specific behavioural interactions.

2.2. Limitations of existing approaches

It is clear that a global analysis of the situation rather than just
examining each agent’s behaviour independently, would be benefi-
cial in many situations. The motivation for this is illustrated by a sce-
nario similar to that of (PETS, 2007) where a family or a group of
friends comes together and one of them leaves his/her bag with
the others. Any threat detection system treating the individuals
independently would inevitably report an abandoned bag, as the cri-
teria specified in (PETS, 2006) that the bag is abandoned if the owner
is further than a metres for more than b seconds, is fulfilled. For
treating these more complex scenarios, the approaches described



J. Ferryman et al. / Pattern Recognition Letters 34 (2013) 789–798 791
above may be insufficient and it may be necessary to derive a more
complete activity analysis. A significant corpus of the computer vi-
sion and artificial intelligence literature attacks the problem of
understanding activities from visual input. While logic and gram-
mar-based representations, with or without combination with sta-
tistical approaches, (Hongeng et al., 2004; Ivanov and Bobick,
2000; Joo and Chellappa, 2006; Shet et al., 2005) organise knowl-
edge in a flexible, powerful and clean way, one drawback of these
approaches is that they are unable to propagate the uncertainty in
the primitive detections. Hidden Markov Models (Brand et al.,
1997) and other flavours of dynamic Bayesian network provide a
powerful generalisation of stochastic finite state automata to deal
with such uncertainty. Another related approach is the so-called
propagation network (Shi et al., 2004). In recent work, Damen and
Hogg (Damen and Hogg, 2012) first specify activities using a multi-
set attribute grammar and then convert it to an equivalent Bayesian
network. A more general tool which converts first-order logic pred-
icates into an equivalent Bayesian network is the framework of Mar-
kov logic networks (Richardson and Domingos, 2006), which have
also been applied to activity analysis (Tran and Davis, 2008). An en-
tirely different approach is to detect events from image pixels di-
rectly rather than by reasoning about the interactions between
specific agents, for instance (Li et al., 2008; Wang et al., 2009).
(

(b)
Fig. 2. Synergy map: (a) Detection of all pedestrians requires a threshold on synergy map
(red) can be predicted if correct positions (green) are known or can be estimated. (c-d) B
and suppression, for the same frame of video. (For interpretation of the references to co
Whilst these approaches are easily configured to output whether
an activity is normal or abnormal, they lack the explanatory power
of grammar and logic-based methods (i.e. why it is abnormal).

None of the approaches described in the literature, however,
have combined the concept of ownership with recognition of social
groups, to reduce the number of false positives in detection of
abandoned objects.

3. Object detection and tracking

The framework, shown in Fig. 1, supports application of a range
of object detectors and trackers including the POM person detec-
tion method of Berclaz et al. (2009) and tracking-by-detection of
Breitenstein et al. (2011), both of which operate at low frame rates
(2–4 fps) or offline. While detection and tracking is not the main
contribution of this paper, brief descriptions are given to methods
which have been developed to permit the overall framework to
operate online and with multiple cameras.

3.1. Baggage detection

Baggage hypothesis generation is based on static change detec-
tion using the dual background approach of Porikli et al. (2008)
a)

(c) (d)
to be set to value that permits ghost detection to pass thorough. (b) Ghost positions
ounding boxes resulting from detections without (c) and with (d) ghost prediction
lour in this figure legend, the reader is referred to the web version of this article).
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adapted to use the efficient implementation of the Gaussian Mix-
ture Model in (Zivkovic, 2004). Bag verification consists of applica-
tion of a combination of filters including both 2D and 3D geometric
filters, foreground/background similarity filter, and temporal filter-
ing to check for persistence of the static regions.
3.2. Person detection

Person detection is based on the homography based multi-cam-
era approach of Yildiz and Akgul (2010), extended with a novel ap-
proach for ghost suppression. First, a synergy map, the result of
projecting detected foreground from each camera view to a single
plane, is created, as shown in Fig. 2. In practise, the reverse process
is used with sampled cells on the synergy map, each corresponding
to a vertical cuboid in space of fixed person height, back-projected
to the bounded rectangles in the original images. The process is ap-
plied for an image resolution-limited ’’infinite’’ number of planes in
Fig. 3. Tracking processes. Top: illustrating how measurement-sharing in video-MHT ove
the MLN formalism. Spatial–temporal coherence and appearance information are used a
Bottom: example tracking output for two cameras showing objects IDs.
a very efficient and fully real-time manner without hardware
acceleration.

For a given location (x,y) in the synergy map (which corre-
sponds to a small rectangular region on the ground plane), the
value S(x,y) accumulating the evidence of a person’s presence can
be calculated as:

Sðx; yÞ ¼ 1
jIj
X
i2I

Xu1

u¼u0

Xv1

v¼v0

pðu;v ; iÞ

AðZðx; y; iÞÞ ð1Þ
where I is the set of images into which the cuboid can be visibly
projected, Zðx; y; iÞ ¼ fðu0;v0Þ; ðu1;v1Þg is the bounding box projec-
tion of the cuboid corresponding to a specific synergy map pixel
(x,y) into image i as defined by two extreme corner points. A(s) is
a function to calculate the area of any shape s, and
rcomes short-term occlusions. Middle: examples of tracklet association rules used in
s inputs. The inference of groups and the joining of tracklets are two of the outputs.
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pðu;vÞ ¼
1; if Iðu;vÞis foreground
0; otherwise

�
ð2Þ

Candidate objects are represented by peaks in the synergy map,
obtained via thresholding. Ghost detections can occur where lines
from different cameras to different objects intersect. To prevent
ghosts becoming new tracking targets, a suppression map is gener-
ated in the regions of high ghost probability and subtracted from
the synergy map. Frame-to-frame tracking of peaks further rein-
forces probable objects’ location.

3.3. Tracking

A multi hypothesis tracker is used (Blackman, 2004) modified
for application to tracking of extended objects. First, to handle
short-term occlusions and the merging of measurements from dif-
ferent persons in the detection process, measurement-sharing be-
tween track hypotheses is allowed. This concept is illustrated in
Fig. 3 (Top). Secondly, the measurement-to-track association cost
is modified to allow image features, specifically two hue-saturation
histograms corresponding to the top and bottom halves of a per-
son, to be used in addition to a simple Brownian motion model.
Each model is updated using the exponentially weighted moving
average (EWMA). The association score between a predicted state
and a measurement is a product of the normalised histogram inter-
section distance between their histograms and the normalised
Euclidean distance between their positions in 3D.

To overcome track fragmentations caused by long-term or com-
plex patterns of interaction between people, long term tracking
based on tracklet association is used. The approach is based on a
Markov Logic Network (MLN) (Leung and Herbin, 2011) where
the notion of a group to account for generic interaction between
people is introduced. The scores for possible associations are calcu-
lated using both spatial–temporal constraints and appearance
information. Associations are not only considered for tracklets that
can be directly joined together; but are extended to tracklets sep-
arated by a group in space and time. It therefore handles the for-
mation and splitting of groups, reducing track fragmentations
and allowing longer tracks to be formed. Examples of the tracklet
association rules are shown in Fig. 3 (Middle) and example final
tracking output in Fig. 3 (Bottom).

4. Situation analysis

Situation analysis is an intermediate step towards threat assess-
ment and is defined as the description of the relationships between
people and bags that can be inferred from the behaviour of the par-
ticipating agents. This contribution focuses on two kinds of relation-
ship: who owns each bag, and who knows who. The analysis takes
object tracks and class information as input and describes the state
of the world (i.e. the scene) in terms of the observed agents and their
behaviour. The following stage (threat assessment) determines
whether the state of the world constitutes a possible threat (i.e.
there is a truly abandoned bag). The main contribution is the combi-
nation of the automatic understanding of social relationships with
the concept of ownership to reduce the number of false alarms.

4.1. Bag ownership

For the reported experiments in this paper, a bag is detected
when it appears stationary in the scene, having been placed there
by a person. At this stage, detection of a bag as it is carried into or
out of the scene has not been incorporated. The ownership of each
bag is inferred by simply looking for a person in the proximity of
the bag over a fixed time interval prior to its appearance. The per-
son is also required to be stationary at the time the bag-drop is
hypothesised to occur. Specifically, in the experiments reported
here, any person is assumed to be an owner if they are temporarily
stationary within one metre of the bag at any point within one sec-
ond prior to its appearance. Note that multiple possible owners are
allowed, not because this is expected to be the case in reality but in
order to reduce false alarms through taking both hypotheses
through into the threat assessment.
4.2. Inference of social relations

Social groups are a very common phenomena in human crowds,
with empirical studies suggesting that about 74% of people come in
a group to a social event (Aveni, 1977) and about 50–70% (depend-
ing on the environment) are in a group during casual walking (Rudl-
off et al., 2011). Despite this high percentage, the prevailing crowd
behaviour models in todays simulation tools (Challenger et al.,
2009), computer graphics applications (Reynolds, 1987) and in
particular in activity recognition and computer vision (PETS,
2006) are based on modelling each individual independently. An
online algorithm has been developed for automatic detection of so-
cial groups within crowds, based on the analysis of the way the social
relations influence the walking behaviour of the group members.

The method is based on the social force model (SFM) (Helbing
and Molnar, 1995; Moussaid et al., 2010) widely used in the crowd
simulation community. In this, each individuals’ movement is influ-
enced by notional forces operating between individuals. Depending
on whether two individuals (a) know each other or (b) do not know
each other, the Social Force Model produces different sets of trajec-
tories for these individuals. Until recently, these attempts were
based on human designed forces without proper evaluation. Only
recently, the model has been calibrated on real-world video se-
quences resulting in a model that realistically predicts avoidance
behaviour of a walking group (Moussaid et al., 2009; Singh et al.,
2009) and later in a model with all its parameters, including group
behaviour, estimated from real data (Moussaid et al., 2010).

The method employed in this work solves the inverse problem:
knowing the trajectories, what are the social forces, and thus the
relations, that caused that behaviour. The method is used in the
framework to infer the social relations between the individuals
in a scene and thereby to inform threat assessment as explained
in Section 5.

The authors are aware of only two approaches aiming explicitly
at social group inference (Ge et al., 2009; Jacques et al., 2007) and
one paper using social groups to improve tracking (Pellegrini et al.,
2010). In (Jacques et al., 2007) the groups are detected when two
individuals keep close enough for a significant fraction of time over
a given period. Experiments undertaken by the authors have
shown that such simple measures are not sufficient for reliable
group inference in complex scenes. In the proposed approach the
calibrated SFM instead is relied upon. Similar measurements were
used in (Pellegrini et al., 2010) to improve tracking by jointly track-
ing and inferring the social groups.

Also based on distance, but including the difference in velocity
as well as position, the method proposed in (Ge et al., 2009) applies
clustering to the (complete) person trajectories. The merging crite-
rion takes into account the fraction of time in which the individuals
are seen close to each other and allows the addition of a person to
the group only if they have been close to at least half of its mem-
bers. Fig. 4 illustrates the Social Force Model. Full details of the
approach are given in (Sochman and Hogg, 2011).
5. Threat assessment

The threat assessment stage determines whether the inferred
situation constitutes a threat, utilising the inferred knowledge of



Fig. 4. Depending on whether the individuals 1 and 2 (a) do not know each other or (b) know each other, the Social Force Model produces different sets of trajectories
combining together repulsive (Frep), goal directed (Fgoal), and group (Fgroup) forces influencing the individuals.
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ownership and social relations described in Section 4. The mecha-
nism adopted is sufficiently general to accommodate external
information (e.g. the state of alert, time of day) alongside informa-
tion on the observed scene in determining whether or not to raise
an alarm.

Three increasingly sophisticated definitions are considered for
what constitutes an abandoned bag. The first adopts the simple
baseline definition that defined the PETS (2006) challenge. In this,
a threat (i.e. abandonment) is defined as follows:

� Bag unattended if no person within 2 m.
� Bag abandoned if unattended for 30 s.

Here, the notions of ownership and social relationships are not
used.

The second definition (owner) includes the notion of ownership
(Section 4.1) and is defined as follows:

� Bag unattended if owner is not within 2 m.
� Bag unattended if there is no assigned owner and if no person

within 2 m.
� Bag abandoned if unattended for 30 s.

When there is no assigned owner, this is equivalent to the base-
line defnition, but where one or more possible owners have been
assigned, the condition for an alarm to be raised is less stringent
since the behaviours of non-owners within the scene is ignored.

The third definition (owner + group) includes both the notions of
ownership (Section 4.1) and social relationships (Section 4.2). In
this, a threat is defined as follows:

� Bag unattended if owner and social group of owner are not
within 2 m.
� Bag unattended if there is no assigned owner and if no person

within 2 m.
� Bag abandoned if unattended for 30 s.

This relaxes the owner definition in the direction of the baseline
definition, since now the circle of people attending to a bag is wid-
ened to include people in the same group as the possible owner (s).
The likelihood of raising an alarm is therefore reduced.

5.1. Implementation

The aim in threat assessment is to make it straightforward to
encode the evolving state of the world and explore different behav-
ioural patterns that constitute a potential threat. To achieve this, a
simple logic-based inference system (Prolog) is adopted in which
the current state of the world is represented by a set of facts and
the behavioural patterns that constitute potential threats are
encoded as rules.

The elements of this logic-based approach are:

� Facts (logical atoms), which are employed to describe situa-
tions. A fact is of the form R (A,B,. . .), where R indicates a type
of relation between the elements inside the brackets.
� Rules, which are employed to infer new facts from existing

ones.

Given these elements, the threat assessment proceeds in two
steps:

1. Tracking and detection data are converted into a set of facts.
2. A set of pre-defined rules is invoked to infer additional facts.

The position of an object in each frame is represented by a
unique ID for the object, it’s class (person or bag), it’s x,y position
on the ground-plane and the frame number:

trackðid; class; x; y; frameÞ:

The social relationships between individuals are represented by
a single predicate that records a unique group ID for each person.
This partitions the set of people into social groups. Any person
not assigned to a social group is assumed to be outside any group.
This is represented simply by facts of the form:

groupðid; group idÞ:

For convenience, a ‘class’ predicate is used (as in class (id,
person)) to record the class of each object independently of the
‘track’ facts.

The ownership of bags is inferred next by a set of Prolog rules
that embody the criteria described in above. The result is a new
set of facts, each representing the ownership of a bag (b) by a
person (p):

ownerðp; bÞ:

Finally, the alarm condition for the chosen threat definition is
posed as a Prolog query. As part of this, for the baseline definition,
the condition that a bag is attended translates into the rule:

attendedðB; TÞ :�classðP;personÞ;nearbyðP; T;B; T;2Þ:
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Here the rule states that a bag is attended at time T (shown on
the left of the ‘:-’) if there is a person (call them P), and the position
of P at time T is within 2 m (i.e. nearby) of the position of B at time
T (shown on the right of the ‘:-’). Upper case arguments are used to
signify that these are variables.

The equivalent set of rules for the owner + group definition,
incorporating the notions of ownership and social relationships,
is as follows:

attendedðB; TÞ :� ownerðP; BÞ;nearbyðP; T; B; T;2Þ; !:
attendedðB; TÞ :�
n þ ownerð ;BÞ; trackðP;person; ; ; TÞ;nearbyðP; T; B; T;2Þ:

attendedðB; TÞ :� ownerðP; BÞ; knowsðP;QÞ;nearbyðQ ; T; B; T;2Þ; !:
knowsðP;QÞ :� groupðP;GÞ; groupðQ ;GÞ:

The first rule states that a bag B is attended at time T if there is
an owner P for the bag and this person is nearby. The second rule
invokes the baseline notion of being attended when there is no
owner - the meaning of ‘n+’ before the owner predicate means that
this is not present in the database. The third rule states that a bag is
attended (at time T) if there is a second person Q who is nearby the
bag and P and Q know one another. The fourth rule implements the
notion of two people knowing one another in terms of their group
membership - i.e. they know one another if they are from the same
social group. The owner definition, incorporating only the notion of
ownership, is defined by the first two of the rules above.

Finally the condition for an alarm to be raised is the same for all
three definitions - a bag must be unattended for a fixed period of
time. The definition of ‘unattended’ is expressed in terms of the dif-
ferent definitions of attended, as follows:

unattendedðB; TÞ :� classðB; bagÞ; trackðB; bag; ; ; TÞ;
n þ attendedðB; TÞ:

This states that an object is unattended at time T if it is a bag, it
is in existence at time T, and there is no ‘attended’ fact in the data-
base for that bag at time T.

Thus, only the definition of ‘attended’ varies between the three
definitions of what constitutes an alarm.

Generally, Prolog was found to be a convenient way to repre-
sent definitions in a readily understood fashion, facilitating exten-
sion and experimentation. On the other hand, there are aspects of
the inference mechanism in Prolog that require care - for example
the use of the cut (‘!’) in two of the rules above is necessary to
avoid the same alarm being raised multiple times.
Fig. 5. Datasets used. Top row: four views from PETS2006 which contains scenarios wit
scenarios where luggage owner enters the scene, sometimes interacts with other indivi
6. Results

6.1. Datasets

Two different datasets are used to test the performance of the
proposed algorithms (see Fig. 5), the publicly available PETS2006
(PETS, 2006) and the second produced during the SUBITO project
specifically for this study. The PETS2006 dataset consists of ten se-
quences with increasing complexity of a staged abandoned bag
scenario at a train station. All four camera views in the dataset
were used in turn for the first four sequences used (PETS-S1-1,
PETS-S1-2, PETS-S1-3 and PETS-S1-4), and camera view 3 used
only for the other sequences (PETS-S2-3, PETS-S3-3, PETS-S4-3,
PETS-S5-3, PETS-S6-3 and PETS-S7-3). The SUBITO dataset was re-
corded specifically for the SUBITO project. It contains thirteen se-
quences (19–22, 24–29, 31, 36, 37) each recorded from four
synchronised cameras placed around the scene. In sequences 19–
22 a single person brings a bag to a marked position and loiters
around the bag (sequence 19), abandons the bag (sequence 20),
or leaves the bag unattended for a while and then comes back (se-
quences 21, 22). Sequences 24–29, 31, 36 and 37 contain more
challenging variants in terms of number of people and the group
relationships. Each action is recorded 12 times for different en-
trance/exit directions. Depending on different threat definitions,
the same action may or may not raise an alarm. Each sequence
therefore should either correspond to 12 alarms (except for se-
quence 36 which only corresponds to 11 alarms), or none. The
ground-truth alarms were obtained manually for all three threat
definitions. The alarm time is determined by first visually deciding
the very frame when the owner is just outside the prescribed dis-
tance from the bag, then adding a fixed time interval before the
alarm is raised. Within the SUBITO dataset, the critical distance
around a bag is assumed to be 2.5 m (as opposed to 2 m used in
the PETS2006 challenge)- this assumption is therefore used in
the three threat definitions. The time a bag must remain unat-
tended to raise an alarm is reduced to 4 s.

6.2. Preliminary experiments on PETS2006 data

In the first experiments, the baseline functionality of (PETS,
2006) was implemented and evaluated. These experiments were
carried out using an earlier version of the threat assessment logic
implemented in C++. This was subsequently re-implemented in
Prolog as part of the real-time system. To achieve this, the Prolog
is queried for an alarm on every frame, based on the current state
of the world and pertinent facts from the recent past. This world
h abandoned luggage. Bottom row: three views from the SUBITO dataset describes
duals and leaves the scene with/without the luggage.



Table 1
Aggregate results across all SUBITO sequences comparing predicted alarms with
corresponding baseline/owner/group ground truth.

Ruleset TP GTalarms Alarms Recall Precision

baseline 16 71 35 0.23 0.46
owner 48 143 75 0.34 0.64
owner+group 39 107 66 0.36 0.59

Table 2
Aggregate results across all SUBITO sequences comparing the use of all three threat
definitions with the ground truth for the owner + group definition.

Ruleset TP GTalarms Alarms Recall Precision

baseline 16 107 35 0.15 0.46
owner 42 107 75 0.39 0.56
owner+group 39 107 66 0.36 0.59

Fig. 6. Social group analysis applied to SUBITO sequence 36 resulting in correct
suppression of false alarm.
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model is continually refreshed with the current location of each
tracked object.

For the threat assessment to be correct, the system is required
to raise an alarm following a potential threat, and to correctly iden-
tify the ID of the abandoned bag. Specifically, an alarm must be
raised within 50 frames of a ground-truth alarm for it to be suc-
cessful detected. The results on the PETS2006 dataset employ auto-
matic tracking using an implementation of Breitenstein et al.
(2011) and bag detection using Porikli et al. (2008). Alarms were
raised correctly on all tested sequences except PETS-S4-3 and
PETS-S7-3. The failures on these two sequences were caused by
individuals, having nothing to do with the abandoned bag, never-
theless being close enough to prevent the bag being classified as
unattended. This result motivates the concept of ownership con-
sidered in the main set of experiments.
6.3. Experiments on SUBITO data

The main set of experiments were carried out on the challeng-
ing SUBITO dataset. The inverse SFM system is run in batch mode
so that it has access to an entire sequence in predicting social
groups rather than only the history up until the current time.
The entire sequence is therefore used in inferring the set of alarms.
This enabled evaluation of the interaction of the detection and
tracking sub-system and the threat assessment sub-system, giving
the inverted SFM the best chance of assigning correct social groups
within relatively short scenarios. A single threshold in the inverse
SFM system controls the propensity of pairs of individuals to be
combined into the same group; a lower threshold results in larger
social groups. For the SUBITO data, we found that both precision
and recall reach their highest values within a small range of this
threshold and the results we present are for a choice of threshold
in this range.

The aggregate results across all SUBITO sequences are shown in
Table 1, comparing predicted alarms with the corresponding
ground-truth - that is baseline results are compared with the base-
line ground-truth, etc. The aggregate results comparing the use of
all three threat definitions with the ground-truth for the own-
er + group definition are shown in Table 2. As expected, the preci-
sion and recall for the baseline definition are lower in this case
since the ground-truth reflects a more sophisticated notion of
threat, incorporating concepts that are not present in the baseline
definition. The evaluation reported here attended only to the time
an alarm is raised and ignored the ID for the person and bag in-
volved. Where there is more than one true positive alarm for a
ground-truth alarm, this is counted once in computing recall and
does not contribute to loss of precision. In other words, multiple
predicted alarms for the same ground-truth alarm are counted
only once. In general, there were few instances of this occurring
in the experiment.

Within Table 2, there is a clear improvement in precision and
recall between baseline and owner definitions. However, the com-
parison of performance between owner and owner + group defini-
tions is less decisive. Here the recall has reduced slightly with
the introduction of the social relationships, but there is a compara-
ble improvement in precision. Looking in more detail at the results
on individual sequences and alarms, several alarms have been sup-
pressed by correct assignment of an owner and partner to the same
social group. This is illustrated in Fig. 6 showing a set of frames
from SUBITO sequence 36. Two individuals (d:211, d:212) entering
the scene (Fig. 6 (top)) are assigned to the same social group (indi-
cated by blue line between them), and one is detected as the owner
of a bag (d:212) that appears within the scene (Fig. 6 (middle)). The
owner subsequently goes away from the bag and outside the pre-
scribed distance (shown as a green circle around the bag), leaving
their partners attending to the bag (Fig. 6 (bottom)). No alarm is
raised.

In general the recall and precision are below acceptable perfor-
mance for a deployed threat assessment system. The principal
source of error arises from the highly challenging video sequences
containing multiple overlapping actors at any time. The conse-
quential limitations in detection and tracking performance are
translated directly into the threat assessments that can be
achieved using the logic described above. Some improvement in
performance was achieved by automatically stitching together
tracks for which there is sufficient evidence that they belong to
the same objects at different periods of time – specifically, one
track (of more than 10 frames duration) ends within 4 s and 1 m
of another track (of more than 10 frames duration) beginning.



Table 3
Aggregate results across all SUBITO sequences comparing the use of all three threat
definitions with the ground truth for the owner + group definition with stiched-
together tracks.

Ruleset TP GTalarms Alarms Recall Precision

baseline 15 107 36 0.14 0.42
owner 43 107 94 0.40 0.46
owner+group 41 107 88 0.38 0.47
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The precision and recall for the equivalent evaluation to that in Ta-
ble 2 is shown in Table 3. Finally, a real-time system that incorpo-
rates all stages of the pipeline, including on-line estimation of
social groups up to the current frame, has also been implemented
to demonstrate the practical viability of the method.

7. Conclusions and future work

This paper has described a video surveillance framework that
detects abandoned objects in surveillance scenes containing multi-
ple interacting individuals, extending the state of the art. Future
work will address methods to further improve the underpinning
object (person and bag) detection and tracking accuracy, as well
as introduction of goal-directed and intentionality modelling strat-
egies in the behavioural analysis.

There is scope to perform a more rigorous analysis of ownership
through detecting bags being carried into the scene and hence
identifying the owner more reliably. Similarly, confidence that a
bag has been removed from the scene would be raised if it could
be detected as it was carried out. There is prior work on this prob-
lem that should in principle be directly applicable to sequences
such as those in the SUBITO dataset (e.g. Damen and Hogg (2008)).

Finally, expressing the conditions of a threat in terms of logic,
suggests that it may be possible to induce such conditions auto-
matically from examples, thereby providing a way to incorporate
different kinds of information about the scene without having to
provide the logical rules by hand. Earlier work on the use of induc-
tive logic programming in video analysis indicates how this might
be achieved in principle (Dubba et al., 2010).
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