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ABSTRACT

We present a method to (semi-)automatically annotate vide
material. More precisely, we focus on recognizing specific
objects and scenes in keyframes. Objects are learnt sirgply ¢
having the user delineate them in one (or a few) images. Th
basic building block to achieve this goal consists of affine
invariant regions. These are local image patches that ada
their shape based on the image content so as to be invaS =T
ant to viewpoint changes. Instead of simply matching thTigure 1: Example case. A pair of corresponding regions
regions and counting the number of matches, we propose ﬂdependently extracted from a model-image (left, only-use
gather more evidence about the presence of the object by ex
ploring the image around the initial matches. This boosts
the performance, especially under difficult, real-worldgn

ing conditions. Experimental results on news broadcast dat ~ Unfortunately, the chance of repeatably extracting a
demonstrate the viability of the approach. given region in both the model-image and a test video frame

considerably drops under a combination of challenging con-
ditions, such as large scale and viewpoint changes, strong
1. INTRODUCTION occlusion and the low image quality a video usually offers.

We tackle the problem of automatically finding a specific ob-At the same time, extensive clutter generates many spurious
jector scene in avideo. The object is only given as delinkatefeatures, which disturb the matching process. As a final out-
by the user in one, or a few, model images. This is useful if0mMe, only a few regions are correctly matched, which is
the context of video annotation: instead of having a persoisufficient for reliable object detection in a long video.
manually marking every occurrence of interesting objects i In this paper, we tackle the problem by no longer relying
the video, the system could do this largely automaticadly, r solely on matching viewpoint invariant regions. Insteaé, w
sorting to human intervention only to delineate each objec&nchor on an initial set thereof, and thieok aroundthem
once. trying to construct more matching regions. As new matches
Traditionally, in such content-based image retrieval tasidrise, they are exploited to construct even more, in a psoces
the object is represented hylobal features, which col- Wh|ch_ gradually explores the wdeo_frame,_recurswely con-
lect information across the whole image. Examples oftructing more and more matches, increasingly further from
such features are histograms of color and texture, or edgé?e initial ones. Thigxpansiorprocess is alternated with a
signatures [10]. contractionone, where incorrect matches are removed. As
In the last few years, several techniques for extracting lothe numbe,r and extent of matching regions grows, so does
cal, invariant features have appeared [11, 6, 7, 1, 5]. Tae fe the System’s confidence in the presence of the object.
tures are small, planar image regions whose extraction pro- The basic characteristic of the approach is that each sin-
cess is invariant to affine geometric transformations. Thugdle correct initial match can expand to cover a contiguous
the regions are detecténtlependentlyn each image, while surface of the object with many correct matches, even when
their shape automatically adapts to the viewpoint so as tétarting from a majority of mismatches. This leads to sdvera
keep on covering the same physical surface (figure 1). advantages. First, robustness to scale, viewpoint, doclus
Typically, retrieval schemes characterize the regions by 8nd clutter are greatly enhanced, because most cases where
vector of invariant descriptors and use them to match moddhe original approach produced only a few correct matches
regions to regions coming from a test image (e.g.: a vide§&n now be solved. Second, the approximate boundaries of
frame) in a nearest-neighbor style. Images with a sufficienie object are directly indicated by the envelope of the final
amount of matches are labeled as containing the object. ~Set of matches. Recognition and segmentation are achieved
Unlike with global methods, representing the object as &t the same time. Third, non-rigid deformations are taken
collection of local regions brings robustness to backgdoun !Nt account. The method can extend any viewpoint invari-
clutter and partial occlusions. Moreover, viewpoint chesg 2Nt region extractor. _ _
are allowed and the search focuses on a specific objectrrathe !N [9] another region-based system for video object re-

than on mere similar appearance (e.g.: color histogram). trieval is presented. However, it focuses on different etpe
of the problem, namely the organization of regions coming

The authors gracefully acknowledge support from EU prejeaiv-  [rom several shots, and weighting their individual relesan
WOS and VIBES, the Fund for Scientific Research Flanders. in the wider context of the video. At the feature level, their

elineated parts shown) and a keyframe (right).




work still relies solely on regions from standard extrastor ~ candidate refined

This paper is organized as follows. The next section give: “
a scheme of the system. Section 3 explains the image explq
ration algorithm, while experimental results on news broad
cast material are reported in section 4.

2. SCHEME OF THE SYSTEM

The system’s input consists of a model-image containing th
object to be annotated delineated by the user, and a test vids (
stream where to search for the object. The model-image does support
not necessarily have to come from the test video.

The processing is divided in learning and recognitionFigure 2: A candidate region is propagated via the affine
During learning, regions are extracted from the object parfransformation of a support match. Refinement adapts the
of the model-image. We use [11], but any affine invariantshape to the different surface orientation of the candidate
region extractor is suitable.

The recognition phase goes through the following stages: to the keyframe. The goal of the following steps is to gener-
1. Video segmentationThe input video is segmented into ate in the keyframe as many regions corresponding to these
shots, and a few representative keyframes are selectes possible.

in each shot. The video is sampled so that subsequent

keyframes are significantly different, but still adequgptel 3.2 Expansion

cover the whole content of the shot. This operation iST

performed by the algorithm of [8]. Further stages only

inspect the keyframes.

he geometric transformation of the current matches ar use
to construct new keyframe regions which match nearby cov-
. . . d i | erage regions. The procedure is illustrated in figure 2.A et
2. Eegflon extrqcﬁor?. lReglr?ns falr:eL extracted In all o the geometric (affine) transformation mapping an exjstin
eylrames, with the aigorithm o [11]. region matchR from the model image to the keyframaA. is
3. Keyframes explorationThe regions of a keyframe are applied to an unmatched coverage region lying e the
first matched to the model regions. The surrounding arég,oqe| image. If both theupportregionR and thecandidate
is then gradually explored. The process tries to cover thgyerage region lie on the same continuous physical syrface
whole object with new matching regions, while simulta- he they will be mapped to the keyframe by similar affine
neously removing mismatches. _ . transformations. Hence, this operation constructs a ndgio
This stage is the subject of the paper, and is described ife keyframe roughly corresponding to the candidate.
more detail in the next section. , The geometric registration is refined by the algorithm of
4. Detection.The object is detected in every keyframe with [2], which modifies the shape of the newly created region so
more than a pre-defined amount of matches (after the exs to maximize the similarity with the candidate in the model

ploration stage). image. A combination of greylevel normalized-cross cearrel
tion and pixel-wise distance in normalized RGB color space
3. EXPLORING THE KEYFRAMES is used as similarity measure. This refinement step adapts

The case of figure 1 poses several challenges. The obje%%e region to th‘? local sgrfa_ce orientation and to perspecti
ects. The refined region is accepted as match for the can-

Ir?egci){ggﬁlge?:é] }(2 nf?alkaepq_%aérisms ;n E(ialée:/v%ri]ghoci)crlrllj g ?r((j)rlrrl] gidate if its final similarity exceeds a threshold. We sayt tha
Y y : ges, he candidate ipropagatedo the keyframe. When several

compressed video of a news broadcast, are of low quality. UDDOItS are present around a candidate. only the bestpropa
Because of these difficult conditions, the approacrgaﬁgn i keptp »only prop

of [11] produces only 10 matches, out of which 5 are cor- The or tion scheme i lied to all currentlv un

rect. Although this figure somehow indicates a detection, it t hedp opvagra 0 rsci en € sAapptet |o?f ct:u me nyrl: w

is not sufficiently high to guarantee good performance in atched coverage regions. - As a total eflect, many ne

long video. Indeed, also many keyframes whitdhnotcon- matches are generated, in an area around the previous

tain the object might obtain 10, or more, matches. Beside atches. However, not all of them are guaranteed correct.
' ! ome mispropagationsare possible, for example when a

L()ernrttgléaeb(l)l:‘t)égtr;/(\a/gtj lrgzgghpgg iﬁ?nbgogz identify a largeep propagation based on a mismatched support is accepted.

In this section, we present a methbavhich bootstraps 3 C .
from the initial matches produced by [11] and, in case thé?" ontraction
object is present in the keyframe, generabesiymore. This  In order remove incorrect matches, the current matches are
results in much higher detection scores when the object iiltered based on the analysis of their spatial arrangements

present than when it is not. The filter is based on the followingjdedness constraiffior
a triple of region matches. The center of a first region should
3.1 Coverageof the model image be on the same side of the directed line going from the center

of a second region to the center of a third region, in both
he model-image and the keyframe. This constraint holds for
he large majority of correctly matched triples (see [2] for

LThis is a simplified version of our method [3] adapted for thplza- ~ details). ) _ ) _
tion. It was first used for object recognition in still images A triple including any mismatched region has higher

The model image is densely covered with a grid of overlap
ping circular regions. At this point, none of them is matche




As a result, the amount and spatial extent of the correct
matches grow at every iteration, reinforcing the confidence
about the object’s presence and location. The two processes
of expansion and contracticcooperatein order to gather
more evidence about the object and separate correct matches
at the same time

Thanks to the refinement, each expansion phase adapts
the shape of newly created regions to the local surface-orien
tation. Thus the whole exploration follows curved surfaces
] ) and deformations.

Figure 3:The contour of the final set of 130 matches. Note The approach fills the visible portion of the object with
the completeness of coverage and the accuracy in general.many high confidence matches. Besides bringing discrimi-
native power, this results in the simultaneous recogndiuch
chances to violate the constraint. When this happens, weegmentation of the object.
can only conclude that probably at least one of the matches Applying this scheme to the example of figure 1 yields
is incorrect, but we do not yet know which one. However, by130 final matches, 117 of which are correct (figure 3). This
integrating the weak information each triple providessit i is much better than the 10 matches of [11], the approach we
possible to robustly discover mismatches. We check the costarted from. Moreover, the exploration procedure tends to
straint for all unordered triples and we expect wrong magche’'implode’ when the object is not in the keyframe, typically
to be involved in a higher share of violations. returning 0, or at most a few, matches. Hence, discrimipativ

The filter algorithm starts from the current set of matchespower is greatly increased when searching for many objects

and then iteratively removes matches as follows: in a long video.

1. (Re-)check the constraint for all triples of current

matches. For each match, store the percentage of con- 4. RESULTSAND CONCLUSIONS
straints it violates.

2. Find the worst matcW, which violates most constraints.
3. If the percentage of violations @/ is above a threshold,

We report results for news broadcast material from the RTBF
Belgian television channel. The data comes from 4 different
) . news report videos, captured on different days, each oftabou
removew from the set of matches, and iterate to point 1’20 minutes. Keyframes were obtained through the algorithm
else stop. ) ] ) . of [8]. The image quality is quite low: the keyframes have
The idea of the algorithm is that at each iteration the mosfow resolution (672x528) and many of them are visibly af-
probable mismatchV is removed and the number of vio- fected by compression artifacts, motion blur and interigci
lations for correct matches decreases, because they are iffects. We selected 13 objects, including locations, Hive
volved in less triples containing any mismatch. After saver ing products, logos and football shirts, and delineatet éac
iterations, ideally only correct matches are left. Sinaesth  one representative keyframe. Each object is searched in the
are involved in only a few violations, the algorithm stops.  keyframes of the video containing its model-image. In aver-
The proposed filter has two main advantages over deteckge, an object is searched in 325 keyframes, and occurs 7.4
ing outliers to the epipolar geometry through RANSAC [4], times. The number of 'negatives’, i.e.: keyframes not con-
which is traditionally used in the matching literature. lt a taining an object, is therefore much greater than the number
lows for non-rigid deformations and it is much less sensitiv of positives, which allows to collect significant statisticA

to inaccurate localizations of the regions. total of 4236 (object,keyframe) image pairs have been pro-
cessed.
3.4 Alternate expansion and contraction Figures 3 and 4 show some examples of successful detec-
; ; ; ; ; : ions. A large piece of cloth decorated with various flags is
The processing continues by iteratively alternating esfmam tions. Al ; " o ; .
and contraction phases: found in figure 3 in spite of non-rigid deformation, occlusio

. and extensive clutter. Notice the completeness of the seg-
1. Do an expansion phase. All current matches are used 8gsniation (the right part is self-occluded in the model and,

supports, and all original coverage regions that are notyelyrectly, left undetected in the keyframe, as is the part oc

matched are candidates. The propagated region matchgg,jed by the RTBF logo).

are added to the current matches. An interesting application is depicted in figures 4a-b-c.
2. Do a contraction phase on the current set of.matches. The shirts of two football teams are picked out as query
3. If at least one newly propagated region survives the corppjects (figure 4a) The system is then asked to find the

traction, then iterate to point 1. Otherwise stop. keyframes where the first team (Dexia) is playing, and where
In the first iteration, the expansion phase generates many cdhe other team (Fortis) is playing. In figure 4c the Fortistshi
rect matches, along with some mismatches. The first coris successfully found in spite of moderate rotation and mo-
traction phase removes mostly mismatches, but might alsi@on blur. Both teams are identified in figure 4b, even if the
lose some correct matches: the percentage of wrong matchglirts appear much smaller and the Dexia player is turned 45
might be still high and confuse the filter. In the next it- degrees (viewpoint change on the shirt).
eration, this cleaner configuration is fed into the expamsio = Robustness to large scale changes and occlusion is
phase which, less distracted, generates more correct ezatctdemonstrated in figure 4e, where the UN council, modeled
and less mismatches. The presence of new correct matchiesfigure 4d, is recognized while enlarged by a scale factor
in turn helps the next contraction in taking better removaR.7, and heavily occluded: only 10% of the model image is
decisions, and so on. visible. Equally intriguing is the image of figure 4f, where
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Figure 4:Results. The parts of the model-images not delineated hyséreare blanked out. The sizes have not been altered:
the model images are shown at the same scale as the testrkegir®etails in the text.

the UN council is seen from an opposite viewpoint. The largebjects are taken into account and the approximate contours
painting on the left in the model image is about the only thingof the object are produced.
still visible in the test keyframe, where it appears on théfti Potential improvements include the support of uniformly
side. The system managed to match the whole area of thelored, or very sparsely textured, objects, the reduction
painting, which suffers from out-of-plane rotation, andsh of computational requirements, and the exploitation of the
retrieve the UN council. video’s temporal continuity (e.g.: for learning a multige

As a last example, a room with Saddam Hussein is founghodel from various sides of an object visible in the shot sur-
in figure 4h (model in 4g). The keyframe is taken under a difrounding the model keyframe). .
ferent viewpoint and corrupted by considerable motion.blur
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