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Abstract

The major drawback of interactive retrieval systemigésgotential frustration of the user that is caused by an
excessive labelling work. Active learning has proven to helgirsplthis issue, by carefully selecting the
examples to present to the user. In this context, the desidre afser interface plays a critical role since it
should invite the user to label the examples elected by the active learning

This paper presents the design and evaluation of an innovativéentesgéace for image retrieval. It has been
validate using real-life IEEE PETS video surveillance data.

In particular, we investigated the most appropriate repartdfotne display area between the retrieved video
frames and the active learning examples, taking both olgeatid subjective user satisfaction parameters into
account.

The flexibility of the interface relies on a scalable represiam of the video content such as Motion JPEG 2000
in our implementation.

1 Introduction

We address the problem of retrieving arbitrary scenes efeisit within surveillance video sequences captured
with fixed camera and stored in a database. A scene is defined by a coiofigofforeground objects presented
by one or several video frames. Configuration of objects refEnesto their position within the frame - e.g. two
objects in the top right corner and one in the centre -, asag/édl their individual description in terms of visual
features such as colour, texture or shape. As an example, onenasgelook for scenes presenting two
pedestrians along a red car, while the next user wisheBitveeall scenes showing a white truck in a particular
location. Obviously, depending on the application framework, the sebjett features could be extended to
include estimation of the motion, displacement and all other featuregfsnt

The goal of our system is to learn which particular configmmaof objects the user is looking for, while
minimizing his/her workload when interacting with the system.

Such interactive and user-driven solutions for content-badeadval of surveillance data are ever more required
as the number of video surveillance systems and the amount of dabaedrastically increase. In such situation,
though a rough and generic visual feature extraction can be acliennad the data acquisition, target scenes
cannot be known beforehand. The system has no a priori knowledge about the targeaseathde of interest

for the user. The system consequently has to adapt itself tas#reneeds. In our proposed system, this is



achieved through interactive learning of a classifier. Exampf scenes are progressively provided to the user
for labelling, so that the training set incrementally growlse Examples presented to the user are carefully
chosen to maximise the information retrieved from user feedbaekprocess is known as active learning, and

turns in minimizing the labelling load on the user [9].

Hence, our retrieval method consists in a sequence of actipaated until the retrieval performance satisfies
the user. These actions are depicted in Fig. 1 and followethergl framework adopted for interactive retrieval
based on relevance feedback [2][7].
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Figure 1. Flow chart of a retrieval session. The frames klled by the user are used for weighting the diste
measure and to train the soft-margin SVM. Based this classifier, a class is predicted for the lahelled frames
New frames are then selected through active leamand presented to the us

* First, the user labels a few frames. This operation is kept very sitmplesér only tells the system whether the
presented frames are matching his target scene (‘relevant’) Qirmebevant’).

» The labelled frames are used to train a soft-margin $§Wpport Vector Machine [1]) classifier that relies on
pre-computed generic visual features. The training may includearee feedback for adapting distance
measure if required. The classifier then allows predictimgdass of the unlabelled frames as well as their
similarity to the inferred target class.

» The system selects the frames that should be predertteel user so as to maximize the information expected
from his feedback, thereby performing active learning.

Indeed, a practical interactive system for online supervisfodlassifier has to limit the amount of queries
addressed to the user, thereby reducing the number of new frameiedladt each round of classification.
Consequently, the frames to be presented to the user must be yasefatited, so as to maximise the
information obtained from the user feedbacks. The idea has beereghursthe machine learning literature
under the name of “active learning”. In our system, we attemiatedke the best out of traditional active
learning methods.

The most traditional approach to active learning consistsl@ttsey the most ambiguous frames. In a SVM
context, the proximity to the decision plane is a good approximation of suchaimgyej2].

The second traditional active learning approach focuses on explibve data space in order to discover all
significant “clusters” of objects [3]. It has been shown thaandom selection of samples achieves very good
when there is no a priori information on the data distribution [4].

The third strategy consists in selecting examples that are veriwp@stpredicted by the SVM. Such strategy is
relevant when the positive examples are rare compared to théveefyjames, which is particularly true in a
video surveillance context.



2 Interface Design

In Section 1, we presented our framework for interactivesifieation of surveillance video frames and also
described how retrieval is a direct application of this methodhik section, we present a novel user interface
for surveillance scenes retrieval, based on the proposed ckssifimethod.

As detailed previously, our learning approach is formaligedan iterative SVM classification, relying on
examples labelled by the human user. Thus, the interaction loethwe@ser and the system forms the basis of
our approach and the man-machine interface plays a majoasoleis the case for most image/video retrieval
systems [8].

Given our proposed retrieval framework, the challenge of desigtiaguser interface is to meet two
fundamental requirements that are not always concomitant:

1. On one hand, the interface must friendly present the retriesalts to the user so as to allow him to
properly analyse them. Indeed, the perceived performance of thensisténked to the user’s
satisfaction, which in turn depends on his ability to viseahnd appreciate the retrieved frames. The
first goal is thus to present the expected positive frameshe enost positive frames as predicted by the
current classifier. This is what is achieved by most of tadimyage retrieval systems as discussed in the
section 4.1.

2. On the other hand, the interface must help the learning etwjimgrove its knowledge about the target
class. The underlying goal is to minimise the number of labelling stepssapcés correctly retrieve the
target scenes. This is achieved by presenting the exampdeseseby active learning and inviting the
user to label them. The active learning examples should not bedyasrthe retrieval performance is
significantly improved if the user labels them. However, we have seeioysh that the active learning
not always selects the most positive examples. After an explofhase, the active learning may even
suggest the most ambiguous examples, which may sound antagonisticezbiopine first mission of
the interface.

Today's literature related to the design of image retrievalface rarely addresses this dual objective. In most
systems, a single display window is used to focus on one of thebjeatives. In this section, we propose an
innovative user interface made of several dynamic windowsyiall) the simultaneous visualisation of both the
classifier best results and the examples suggested by the aatived).

The main contribution of this study is the investigation of niust appropriate repartition of the display area
between the two sets of frames.

Moreover, a retrieval interface design is obviously very deperaierthe application context. There are two
reasons for that. First, the user behaviour may strongly diffen bne context to another. As an example, a
physician browsing a medical images database and a surveilgangin a control room have neither identical
actions nor tools. Second, the nature of the data may imposeulifimages layout and display choices in order
to be efficiently visualise the content.

In this study, we focused on the inherent structure of the datewiideep attention paid to the browsing
behaviour of surveillance agents. More precisely, in our dlamee context, we have seen how both the frame
as a whole and its segmented foreground objects are of imperta@ur presented system and display approach
support this specificity by relying on a scalable encoding oWitieo frames as well as a flexible architecture
inspired from remote image browsing.

2.1 Related Work

Interactive retrieval of video content often rests upon the digpidyabelling of key-frames summarising a shot
or a scene [10]. In terms of user interface, such approachhhressnany similarities with still images retrieval
systems. Therefore, in this section, we overview today’s mggimoaches for displaying and organising images



or key-frames during interactive retrieval.

The most traditional layout takes the form of a 1D lineas@ntation or a 2D matrix with the retrieved images
organised in raster scan order (i.e. in a matrix shape, l&fro right, top to bottom). The order of the frames
follows either the classifier ranking (the most positivesgfiest) or other criteria such as the temporal or spatial
order. The advantages of such a matrix vision are its simplicity anthiatusability.

However, beside the traditional raster scan order, more soptadtzl display methods have been proposed so
as to depict the system interpretation of the training exesrgud queries provided by the user, i.e. to show its
state of knowledge. More precisely, the display either reflde mutual similarity between the images of the
database, as estimated by the learning engine [11][12][13fjdf}eir individual similarity to a query, e.g. with

a spiral view such as in [15].

Yet other techniques have been designed in order to attracisénis attention on specific images, e.g. the
fisheye view in [17]. As for the matrix layout, the images eanked according to criteria such as classifier
prediction or temporal position in a sequence.

In [16], a 3D and immersive visualisation method was presented.

Concerning visual surveillance retrieval, today’s systeshg on classical 2D matrix layout, see e.g. the IBM
system [20]. In our previous work, we presented a scalable keg-fpased video summary (or storyboard),
allowing the key-frames to be highlighted within their tempaoitext [21]. The advantage of this solution is
that it enhances the classical paradigm of static video sumynioy providing the user with interactive
functionalities, such as browsing and contextual visualisatiorhefrétrieved scenes, while minimising the
amount of transmitted data between the content repository and the cliécataqpl

Compared to existing systems and methods, we propose an originay dipproach that takes benefits from
several visualisation modes that have been evaluated based on both sudnjectibpective criteria.

2.2 Results visualisation

2.2.1 General interface design

In view of fulfilling both fundamental requirements introduced ictise 4, we propose a user interface divided
in three windows, as illustrated in Fig. 2. In each window, the heethe ability to label the frames and launch
the SVM classification, using a mouse-based menu.

The largest window, the main window supports several layout, assdat in the Section 4.2.2. The auxiliary
window is located on the right side. These windows are used tonptbgetwo main selections of frames
distinctly: those with highest rank according to the cfassiand those selected by the active learning. Two
system configurations are thus possible, whether the actingng examples are displayed in the main or in the
auxiliary window. Intuitively, the most efficient configuration wdue to present the active learning examples
in the largest window, since we would like the user to ldimht so as to maximise the knowledge improvement
at each retrieval round. Nevertheless, this may disturagbewho wishes to visualise the retrieval results. This
has been analysed in our experiments, as detailed in the section 4.3.

Third, a video player is available at the bottom, as wedlimgplistic buttons for specifying examples queries if
necessary.

Note that the size of the three windows is variable, so teatuser can modify the number of frames they
contain. However, the main window always stays larger than the ayxiliadow.



Figure 2: Snapshot of the user interface. 3 Windowase presented : the main window -the largest irzesithe
auxiliary window ("AUX Window" right) and a video fayer (bottom) for visualising scenes or formulatrexampli
queries.

2.2.2 Proposed layouts for the main window

Three different types of frames layout are proposed fomtaa window, whatever the frames selection it
presents.

Beside the raster scan order, the frames can indeed be ordaliseithg a spiral view, as shown in Fig. 3. The
intuitive objective of the spiral layout is to catch tieer’s focus of attention on the first frames. The freank,
as ranked by the classifier or the active learning, is disdlan the centre of the window, with its highest
resolution. The next 12 frames are organised around it, at a quarter oesahdiso forth for the next frames.

nnnnnn

Figure 3: Spiral organisation othe main window. The first frame, a sranked by thiassifier or the active learnin
is centred and displayed with highest resolutiorhélnext 12 frames surround it, at a quarter resahut etc.

The third available layout is called the contextual visasibn and is aimed at dynamically visualising the
temporal scattering of the retrieved scenes, whatever tingacriterion. This layout fundamentally differs

from the two previous ones, since the frames in the main windewedected prior to the retrieval session and
stay fixed during the retrieval. Each of them is represientaf a sequence excerpt. In other words, they
summarise their temporal neighbourhood in terms of visual cootesurveillance events. We call it the key-

frames. The time period each key-frame summarises is chostiatsthe entire set of key-frames completely
summarises the sequence. The way these key-frames ateds#emnsidered as out of the scope of this work.



The interested reader should refer to [18] or [22] for examples atisslestrategies adapted to surveillance.

At the initialisation of the session, the key-frames agamised following their temporal order and displayed in
sequence.

At each retrieval round, the key-frames corresponding toréimeels selected by the system -according to either
the classifier or the active learning are visually higited. This is achieved by displaying all their colour
components and their highest resolution available. An example is shdwg 8. The philosophy behind this is
that the user can better understand and interpret the retdegads when they are presented in their temporal
context, which is in line with the ideas presented in [12].

Figure 4: Contextual visualisation: the returned &mes are highlighted within their temporal contexhanks to higher
resolution and full colour display.

All these different display approaches impose to have randoessito the image content, in terms of temporal,
resolution, colour and quality levels.

Obviously, in a real industrial context, multi-level replicataiithe content must be avoided. As a consequence,
a scalable representation of the data is mandatory.

In our implementation, we rely on the Motion-JPEG 2000 coding framework.

2.3 Evaluation

In order to evaluate our display method, experiments have been condsictgdhe IEEE PETS 2006 real-life
data [5]. Our objective is twofold. First, we investigated th& pesitioning of the frames selected by the active
learning, either in the main window or in the auxiliary window, llest classified frames being placed in the
remaining window.

Second, we studied the usability and users appreciation of tawar gfroposed layouts for organising the main
window: the spiral and the matrix view (see Fig. 2 and Fig. 3).

In the first section 4.3.1, we present our experiments methodologgctiykj and subjective results are detailed
in the second section 4.3.2.

2.3.1 Experiments setup

15 users participated to the experiment. All of them had only rudimekrtawledge about retrieval engines and
techniques. Each user performed 3 retrieval sessions, usingdefjired scenarios of comparable complexity.
The first session was aimed at helping the user to get uskd taterface and the labelling tools, while the two
next sessions were used for actual system evaluation.

At the start of each session, a snapshot illustrating thettacgne was presented to the user. Fig. 5 shows the
examples frames presented for the two actual evaluatiorosgssdnce the user has visualised this target, he
started to naturally interact with the system, by labgla few of the presented frames as positively or negativ
or requesting a new classification. Neither the number of frames to kEistep nor the number of classification
steps was imposed or fixed. The users personally decidedta/lstop the retrieval session, when he reckoned
that a satisfactory number of relevant frames was presented amongtttladsified frames.



Figure 5: Target frames presented to the users for the two evaluation@ess

For each user, one of the 2 sessions was presenting thkasganisation of the main window, while the other
was based on the matrix. The simulator randomly decided which oésbmis used the spiral view, so that the
experiment does not suffer from any correlation between scenarios and layouts.

The full experiment was conducted twice, once with the actiaening examples in the auxiliary window and
once with these frames in the main window.

For the evaluation, we logged the number of retrieval stapeath user, as well as the percentage of frames
labelled in the auxiliary window at each round. These objectieasnorements were used to compare

respectively the duration of the sessions (with the numbstept) and the users’ trend to look at the auxiliary
window (with the percentage of frames labelled in that winddwe results obtained with both considered

target scenarios are always merged.

After each session, the subjective appreciation of the wgass measured as well, by asking them three
guestions:

1. “Are the results satisfactory?”
2. “Is the system efficient?”
3. “Is the system easy to use?”

The users answered with a score between 0 and 100. The two fssbsieeflect the subjective evaluation of
the system performance, while the third question refers to the usabilite user interface.

At the end of the experiment, the users also indicated peferred layout using a 0 to 100 score, with 0
corresponding to a radical preference for the matrix view.

2.3.2 Results

In this section, we present the results of our interfacduation. The location of the frames selected through
active learning is discussed in the first section (Section 4.3Thg)second section (Section 4.3.2.2) reports our
experiments on the layout of the main window.

2.3.2.1 Positioning of the active learning examp  les

As already stated, the examples selected through acting@nigaenable to significantly improve the retrieval
performance. Therefore, the most intuitive approach would be to ukedbst window to present these specific
examples so as to minimise the duration of the session, i.e. nofmkteps needed to reach satisfactory results.
This is confirmed by Fig. 6 that depicts the proportion of udescontinued labelling examples at each steps.
Both system configurations are compared, i.e. with the main winmtesenting the active learning examples
(AL in Main) or the best classified frames (Best in Main).



As expected, the session duration is reduced when displaying the laetining examples in the main window.
For object, after 5 rounds, only 40% of the users remainedisfrexhiand decided to label additional examples
for the ALinMain configuration, compared to 70% of the users in the otker ca

From a subjective point of view, reserving the largest windmwtte active learning frames may frustrate the
user, as he wishes to correctly visualise the retrievedelai.e. the best classified frames. In order to evaluate
this potential drawback, we compared the users answere tuéstions “Are the results satisfactory?” and “Is
the system efficient ?” We considered the matrix and djpiyalts distinctly. As it can be observed, in the case
of the AL configuration, the average satisfaction and subgavaluation of the system efficiency are both
superior to the other configuration. Note that this is true whatevevitigow layout.

Figure 6: Proportion of users pursuing the retrieVat each step. The two system configurations aoenpared: with the

best classified frames in the main window (“Bestlifain”), and with the active learning examples itis window (“AL

in Main™).

As a conclusion, by allocating more display area to the exampéssezbthrough active learning the duration of
the retrieval session is reduced while not affecting thesusatisfaction. It even increases their appreciation of
the results.

2.3.2.2 Comparison of the spiral and matrix layo  uts

For the comparison of the spiral and matrix layouts, we consideectivb system configurations separately.
Indeed, when the main window presents the active learning examplesethalso pays some attention to the
auxiliary window, since it presents the retrieved frames. Tlee loshaviour thus differs following the set of
frames displayed in each window.

Fig. 7 illustrates the users preference for the layout of thia madow. It shows that a clear majority of users
prefer the matrix layout, when the most positive framesirardtne main window. In the case of the other
configuration, the preference is less clear. The explanatitvatisin this case, the main window shares the users
attention with the auxiliary window. This is demonstrated by thegmtage of the training examples labelled in
that smaller window, as shown in Fig. 8. As it can be noticed, fohltheonfiguration, a significant proportion

of the examples are located in the auxiliary window, whatever the laythe afain window.

When answering to the question “Is the system easy to tigelisers also indicated a preference for the matrix
view, as illustrated in Fig. 9. Again, this preference is less pronounced véhsraih window presents the active
learning frames. During our experiments, the question “Is the systenerffilgvered identical conclusion.



Figure 7: Users preference for the main window layout (0 = matrix; 100 = spiral), viaitith

configuration: Best frames in the main window (a) and Active leargiframes in the main windo
R\

Figure 8: Percentage of examples labelled in the auxiliary window, with bothfguration: Best
frames in the main window (a) and Active learning frames in the maimdow (b)

Figure 9: Answers to “Is the system easy to use?”, with both configuratioest frames in the main
window (a) and active learning frames in the main wirw (b}

3 Conclusion

In this paper, we presented our system and our proposed design fgmapiécal user interface. Beside a
traditional video player, it is composed of two windows of uneqgaal €ach of these windows can be used to
present either the frames with highest rank according t8\é classifier or the frames selected through active



learning. Thereby, our interface allows fulfilling the dual objectixeenvisioned, namely to present the retrieval
results while maximising the learning gain at each round. eperiments have demonstrated that using the
largest window for the active learning examples allows reduthe average duration of a retrieval session,
without affecting the user subjective satisfaction.

The main window supports several visualisation modes. First, a&xtoal presentation enables to better
interpret the retrieval results, by highlighting the tempoeddtionship between the retrieved scenes. This is
achieved thanks to a dynamic management of the visual qualigchf displayed key-frame. Second, a multi-
resolution spiral layout is proposed, which aims at attractinguter attention on a few frames. Last,
conventional 2D matrix layout is available.

From a usability point of view, both our objective and subjeatixperiments have revealed that the spiral layout
is less appreciated by the users compared to the 2D matrixisTgasticularly stressed when the most positive
frames are displayed in the main window. Indeed, this configuration insréneseole of the largest window.
Future work includes an extensive validation of the system walhvigeo surveillance users in order to evaluate
the actual role and efficiency of each visualisation modeghduld be analysed using usability criteria such as
those proposed by Nielsen [19], i.e. "Learnability”, "Efficiency”, "Mentaili#y”, "Error” and "Satisfaction”.
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