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Abstract

This paper presents a novel representation for dynamicesceomposed of multiple rigid objects
that may undergo different motions and are observed by a mgogamera. Multi-view constraints
associated with groups of af ne—covariant scene patchdsarormalized description of their appearance
are used to segment a scene into its rigid components, aohstmree—dimensional models of these
components, and match instances of models recovered frifenetit image sequences. The proposed
approach has been implemented, and it is applied to thetieteand matching of moving objects in
video sequences and to shot matching, i.e., the identbcatf shots that depict the same scene in a

video clip.

. INTRODUCTION

The explosion in both the richness and quantity of digitdea content available to the average
consumer creates a need for indexing and retrieval toolfféotiely manage the large volume
of data and ef ciently access speci c frames, scenes, anshots. Most existing video search
tools [8], [11], [24], [58] rely on the appearance and twadnsional (2D) geometric attributes
of individual frames in the sequence, and they do not takeartdge of the stronger three-
dimensional (3D) constraints associated with multiplenfea. In this presentation, we propose a
richer representation of video content for modeling andeedl tasks that is based on explicitly
recovering the 3D structure of a scene using structure fratiam (SFM) constraints.

Following our earlier work on modeling and recognition dtit objects from photographs [45],
we propose to represent 3D structure using a collection dllsplanar patches, combined
with a description of their local appearance. This approawies recent work on local image
description using af ne-covariant regions [26], [36], [38tructure from motion [12], [23], [54],
and shape from texture [18], [32]. It is based on the follaykey observation: Although smooth
surfaces are almost never planar on a global scale, theyhaegysaplanar in the small—that
is, suf ciently small surface patches can always be thougfhas being comprised of coplanar
points. The surface of a solid can thus be represented bylecttoh of small planar patches,
their local appearance, and a description of their 3D spedlationship expressed in terms of
multi-view constraints.

In principle, our patch-based 3D object representatiorbeamaturally extended from modeling

static objects captured in a few photographs to modelingadhya scenes captured in video

DRAFT



sequences. In practice, though, this extension is quitdecizgng because it requires several
signi cant modi cations of the existing approach. Firsturoprevious work [45] has assumed
a simplied af ne projection model, which cannot handle tlsggni cant perspective effects

contained in many scenes from Ims or commercial video — $eegxample, the street scene
from the movieRun Lola Run(Fig. 6). In the present contribution, we address this idsye

introducing a novel projection model for surface patchest #iccounts for perspective effects
between different patches, but uses an af ne model withzcheadividual patch. Second, video
clips almost always contain multiple objects moving indegently from each other and from
the camera. We address this complication by developing &adefior segmenting all tracked
features into groups that move together rigidly and didogrdhe features that do not fall into
any rigid group. Notice that this is fundamentallyigid modeling framework, and therefore it
cannot represent certain kinds of video content, such asrfaging people or animals.

Our approach to constructing 3D representations of vidgs elxtracts af ne-covariant patches,
tracks them through the image sequence, and then simulisiyesegments the tracks and builds
3D models of each rigid component present in the scene. Tudtireg 3D models represent the
structural content of the scene, and they can be comparethatathed using techniques similar
to those in [45]. This is useful foshot matchingi.e., recognizing shots of the same scene [1],
[2], [4], [46], [51], [61] — a fundamental task in video redxial.

The rest of the article is organized as follows. Section hmarizes related work in video
analysis and SFM. Section Il describes our approach tditngcaf ne-covariant patches in
image sequences, identifying subsets of tracks that mayidlyitogether, and building 3D
models of the resulting rigid components. Section IV depgla method for matching 3D models
constructed from different shots. Sections IlI-F and IV4@gent experimental results on several
videos, including shots from the ImRun Lola Rurand Groundhog Day Section V concludes
with a discussion of the promise and limitations of the psmgabapproach, together with plans
for future work.

A preliminary version of this article has appeared in [44].

[I. BACKGROUND

As stated in the Introduction, the main target applicationthe approach presented in this

article is video indexing and retrieval. Unlike most existivideo retrieval methods, which only

DRAFT



deal with 2D image motion, our matching method takes fullaadage of strong 3D geometric
constraints. In this section, we brie y look at work in thedeio analysis community (Section II-
A), and then discuss relevant techniques for 3D object miaglétom video sequences (Section

[I-B) and motion segmentation (Section II-C).

A. Video Analysis and Shot Matching

Video indexing systems, such as [8], [11], [24], [58], arelagous to image retrieval sys-
tems [7], [17], [30], [34], [47]. They typically treat “shgitas atomic units, where a shot is de ned
as “one or more frames generated and recorded contiguouslyrepresenting a continuous
action in time and space” [10]. Automatically nding shotumalaries in video is a fairly mature
research topic [25], [38], so for the sake of this article, agsume that a shot segmentation is
given as part of the input. In principle, though, we can alstedt shot boundaries using the
tracking technique presented in Section IlI-A.

One approach to video matching is to compare individual feegés from the two shots [15],
[46], [51], [52]. For example, Sivic and Zisserman [51] camiideas from wide-baseline stereo
and text retrieval in a system they dub “Video Google.” Theads to extract a vocabulary of
“visual words” via vector quantization of appearance-dagescriptors and to treat keyframes as
documents containing instances of these “words.” Retriefsaimilar shots in this framework is
accomplished by analogy with text document retrieval: Rimaé matches are rst identi ed by
comparing frequency counts of visual words, and are thamamked using loose 2D geometric
consistency constraints. An alternative to considerirividual keyframes separately is to form
a mosaic from the keyframes in the shot and then to match theaio® [1], [11], [17]. A
signi cant shortcoming of all these methods is that theyyotdnsider the 2D motion of image
regions, and do not take advantage of the strong geometnistreants that can be derived for
rigid bodies observed from multiple viewpoints. In Sectldh we will propose a fundamentally
different approach to shot matching, which works by formaigymodels from the two shots and
comparing these reconstructions, while taking into actdumh appearance and 3D geometric

information.

DRAFT



B. 3D Modeling from Image Sequences

Traditionally, 3D modeling from image sequences has begmoaghed by applying SFM
techniques to groups of point and/or line features matcledsa several images. Here we
discuss a few examples from the extensive literature in #nea. Tomasi and Kanade [54]
observe that under an af ne projection model the camerampat@as and 3D points can be
computed by assembling 2D image measurements irttata matrixand factoring that matrix
via Singular Value Decomposition (SVD). The practical aggdbility of this method is limited by
its assumption that the data matrix is dense, i.e., thayeteface point appears in (almost) every
image. Zisserman et al. [14], [62] propose to reconstraticsBD scenes from video sequences
by nding Harris points and lines and matching them betweamies. Pollefeys et al. [40], [41]
focus on the problem of metric reconstructions of 3D scefibgy demonstrate that, with the
help of a few reasonable assumptions, such as roughly kigothinimage center, it is possible
to go from projective to metric calibration without exptidinowledge of all intrinsic camera
parameters. Nistér [39] presents a complete system fosed@D reconstruction from video
sequences and also offers a robust metric upgrade methath \plaices practical constraints on
the arrangement of camera positions.

Our own approach to 3D reconstruction from video sequeneparts from the above methods
in two respects: First, we use af ne-covariant featuredead of points or line segments, and
second, we introduce in Section IlI-C a locally af ne/gldliggorojective camera model specially
adapted to the unique characteristics of these featurmeall¥iit must be noted that all of the
SFM methods listed in this section are limited to modelingtistscenes or individual rigid
components. When the image sequence contains multipletehjeoving independently, it is

necessary to segment the image measurements into rigigggras discussed next.

C. Motion Segmentation

Several existing algorithms for motion segmentation relyabne SFM constraints to nd rigid
components (that is, groups of rigidly moving points) in geasequences. Given a dense data
matrix, these algorithms address two key problems: detengithe number of rigid components
represented in the data matrix, and assigning each 3D pwiomé of those components. Boult

and Brown [6] observe that the rank of the data matrix shoplat@imately equal the rank of
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the data in a single rigid component times the number of caorapts, and propose an algorithm
to segment out the components using approximate rank assastamcy measure. Costeira and
Kanade [9] propose a more direct numerical approach to @xigathe components based on
SVD of the data matrix. Gear [19] proposes an alternative enical approach that involves
reducing the data matrix to a modi ed echelon form and trepgach quadruple of rows as a
component. Other ways of applying the rank constraint ishelthe af ne-subspace method [50],
[60], which uses the observation that the projected poifitaroobject can be described by
three basis points in each image and a 3D coordinate veataaich point on the object, and
Generalized Principal Component Analysis (GPCA) [59],athcasts the problem of determining
the number of subspaces and the basis for each subspacens dépolynomial factorization.
Movie shots are particularly challenging for af ne motioeggnentation methods since they often
contain degenerate structure or motion (e.g., planar s¢ceaeneras rotating in place, or cameras
moving along a straight line). In addition, some scenes naayain signi cant global perspective
effects, limiting the applicability of af ne techniques.

Projective approaches avoid the latter problem, but alevsinerable to degeneracies. The
methodology used in this paper is related to the robust @gbrdo recursive segmentation
proposed by Torr [55] (see also Fitzgibbon and ZissermahffirGelated work). The procedure
iterates between two key steps: (1) Use Random Sample Caus€RANSAC) [13] to select
the dominant motion, and (2) subtract all data in the dontimaation, leaving only points
that potentially belong to other rigid components. The pthaoe repeats until the number of
remaining points is too small to reliably estimate a new congmnt.

Finally, Sivic et al. [50] take an approach to describing \ehshots that is similar to the one
proposed in this article, in that they track af ne-covatigratches across an image sequence
and segment them into motion groups. A combination of sévecal motion constraints and
an af ne-subspace model produce a motion segmentationhrtracks that can handle small
amounts of non-rigidity in the objects. However, unlike inroown work, no explicit 3D
representation of the objects is formed, and shot matchitigralies on the Video Google

retrieval engine [51], and thus incorporates only weak 2Dst@ints.
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[1l. M ODELING

This section introduces our method for creating 3D modelsigili components in video
sequences. Our object representation, originally prapasg45], combines a normalized de-
scription of local surface appearance in terms of af neartant patches [26], [36], [37] with
the global 3D multi-view constraints studied in the SFMrhteire [12], [23], [54]. Section 11I-A
describes the 2D geometric structure of af ne-covariarttipas and outlines the procedure for
tracking them in video sequences. Section IlI-B reviews3Bestructure and motion constraints
associated with these patches under an af ne projectioneimadhich were rst introduced
in [45]. Next, Section IlI-C introduces a novelcally af ne model of the image formation process
capable of handling largglobal perspective distortions. Section IlI-D describes a pracedor
estimating patch parameters and camera matrices fromespaegje data (i.e., not all patches
are visible by all cameras). Finally, Section IlI-E intrags our method for simultaneously iden-
tifying and modeling sets of tracks that move rigidly togetim the video sequence. Examples

of 3D models obtained using the proposed approach appeacitos IlI-F.

A. Af ne-Covariant Patches

Operators capable of nding af ne-covariant image regiq8§ [35], [43], [57] in the neigh-
borhood of salient image locations (“interest points” [2Plve recently been proposed in
the context of wide-baseline stereo matching and imagévetr Our implementation uses a
combination of “corner-like” Harris-af ne regions [35] dn“blob-like” Hessian regions [26]
(see [45] for details), and determines for each one its sheqade and orientation. Each region
has the form of a parallelogram, and is assigned an afentifying transformatiorR mapping
it onto a square with unit edge half-length centered at thegiror(Fig. 1). The square patch
is a normalizedrepresentation of the local surface appearance that isiamiaunder planar
af ne transformations. Such transformations are inducgadbitrary changes in viewpoint under
the af ne (orthographic, weak-perspective, or para-pecsige) projection model as well as the
locally af ne model introduced in Section IlI-C.

The rectifying transformatiorR associated with a planar patch and its inveBean be
represented by tw@ 3 matrices that map homogeneous (af ne) plane coordinatés oon-

homogeneous ones. Lht v, andc denote the column vectors of the matfx These vectors
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Fig. 1. Left: Geometric interpretation of the recti cation matriX and its inverseS. Right: A recti ed patch and

- N - -

its associated parallelogram in the original image.

admit a simple geometric interpretation [45]: the thirdwuh c is the coordinate vector of the
patch centec, and its rst two columnsh andv are respectively the coordinate vectors of the
“horizontal” and “vertical” vectors joining to the sides of the patch (Fig. 1).

Suppose there amre 3D surface patches observed in a continuous sequenceimiages (i.e.,
the shot being modeled). The mat® denotes the measurement of surface patgnojected
into framei. The image measurements associated with theatch tracked through a continuous
sequence of frames are collectively callettack (Fig. 2). Tracks are found using the Kanade-
Lucas-Tomasi (KLT) tracker [29], [49], [53]. Given two imeg of an object separated by a small
viewpoint change, and given a point in one image, KLT ndsntatch in the other image. KLT
iteratively searches for the location by minimizing thegidifferences between xed windows
around the point in the “old” image and the point in the “newfage. To track af ne-covariant
patches instead of points, we use a modi ed version of therB&ld KLT implementation [5]*
For each new frame, we rst propagate all the patches that are currently bemagkied (i.e.,
patches that exist in frame 1). Speci cally, we use the KLT tracker to update the locatafn
the patch center in framie and then use non-linear least squares to re ne the parasneté¢he
patch, maximizing the normalized correlation between tatelpin framel and the same patch
in the frame where it rst appeared. This is more robust ars$ lgrone to drift than registering
the patch to its counterpart in frame 1. For more details about the nonlinear re nement
process, see [45]. After updating the existing patches, ex¢ process the frame with the af ne-

covariant region detector to identify any new regions thatraot currently being tracked and to

IAafter the completion of our work, a newer version of the Bisdl implementation has appeared, and it includes the

functionality for tracking af ne patches directly.
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Fig. 2. A tracked patch. Top row: the patch marked in the originakeidMiddle row: the patch stabilized such
that it maintains a constant shape and the surrounding idefpems. Bottom row: the recti ed patch. This gure

shows every 30th frame.

initialize their matricesS; . To decide when to stop tracking a patch, in addition to thiemca
used by the KLT itself, we also check whether the ratio of thmeeshsions of the patch exceed
some threshold (typically 6), and whether the correlatioth whe initial patch falls below some
threshold (typically 0.8). After nding all the tracks in ithfashion, we make a second pass to
terminate them at the point where the correlation falls Wwedostricter threshold (typically 0.9).
This two-pass approach allows us to minimize the numberaaks created for the same surface
feature. Note that it is possible for a patch to disappearraagpear in the sequence, such as
when an object passes temporarily behind another objectr&sée such a case as two different
tracks, though they can in principle be uni ed by a “track aep procedure [50]. Overall, it
takes an average of 30 secohtis process one frame of video at resolution7@0 480 and

the number of regions tracked in each frame is on the orde000.1

B. Af ne Projection Constraints

For now, let us assume that all patches are visible in all @sagnd that the scene is static,
i.e., it contains a single rigid component. The rst assumptwill be relaxed in Section 1lI-D,

and the second one in Section IlI-E.

2All running times in this paper are reported for a 3GHz PC vii@B of RAM.
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Under an af ne camera model, the mat@ records the projection of a parallelogram drawn
on the surface into the corresponding image. Thus it can lteewrasS; = M ;N;, whereM ;

is the projection matrix associated withzimage numiband

3
N =4t Vi Cis

0O 0 1

gives the position and shape of pafclon the surface of the object. The vectéts, V;, and
C; are the 3D analogs di;, v;, andc; and have a similar interpretation. We follow Tomasi
and Kanade [54] and pick the center of mass of the observethgstcenters as the origin of
the world coordinate system, and the center of mass of thaséspprojections as thﬁ origi? of
every image coordinate system. In this case, the projectiatrices reduce tM ; = A, 0,

whereA; is a2 3 matrix, and

S;j = AiB;j; whereB; =[H; V; CjI (1)
It follows that the reducedm2 3n matrix ) 3
Si1 it Sin Aq h i
S= AB; Whereéd:efg Do Z;A\dgg:::z;lé\d:(Ef B, ::: B (2)
Smi i Smn A

has at most rank 3. Singular value decomposition can be us@d Bomasi and Kanade [54]
to factorizeS and compute estimates of the matricgsand B that minimize the Frobenius
norm of the matrixS A'B. The residual (normalized) Frobenius fof&i A\B\j:p 3mn of this

matrix can be interpreted geometrically as the root-mepraied distance (in pixels) between

the predicted and observed valuescgf, hj; , andv;; .

C. Locally Af ne Projection Constraints

The af ne projection model described in the previous sectie too restrictive for many
real-world video sequences, since it assumes thaiaoiomal perspective effects are present in the
scene. In this section, we develop an improved projectiodehlbased on the much more realistic
assumption that the relief of each patch is small compardtemverall depth of the scene. In
other words, we assume that perspective effects are insaguiwithin each individual patch,

though they may be apparent in the image as a whole. Undeapipisoximation, the corners
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of each patch obey cal af ne projection model, while their centers obeygkobal projective
model. As explained next, the local af ne model is obtained linearizing the perspective
projection equations in the neighborhood of a given pataftere Consider the homogeneous

projection equation 2 3 2 3 2 3
1 P A b
4p5 = -M 4 5; where M = 4 5
1 z 1 a;: 1
is the perspective projection matri&, is a2 3 sub-matrix ofM , p is the non-homogeneous
coordinate vector for the point in the image, adis the non-homogeneous coordinate vector

of the point in 3D. We can write the perspective projectiomppiag as

1
p=f(P)= —(AP + b);
az; P +1

and a rst order Taylor expansion of the functidnin P yieldsp+ p = f(P + P ) =
f(P)+ fqP)P , or

p = fqP)P
_ A(as P +1) (AP+b)a§P
(az P +1)? (3)
= — (A pa3)P:
az; P +1

Applying this model to a (small)8af ne patch and its projectiyields

2 h = fqC)H;
§v = fqC)v; (4)
- ¢ = f(C):

Our objective is to use these equations to nd the set of canaerd patch matrices that
minimize the reprojection error with respect to the imageasmeements. The corresponding
constraints are not linear, but they can be arranged as tmplementary sets of linear equations
and solved using a technique callbdinear re nement[31], which works by holding one set
of parameters xed while estimating the others using linkeast squares. By alternating sets of
parameters, it is able to update the estimates for all of tbage per iteration and eventually
converge to a local minimum [31], [56]. Bilinear re nemergquires an initial estimate of the

patch parameters, which we nd by af ne factorization as aésed in Section IlI-B.
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Let us derive the linear equations for the cameras in terniiofvn 3D patches, and for the
3D patches in terms of known cameras. Expanding Eq. (4) yield
h [ h [
(as C+1) h v =(A cay) H V ; (5)
and
claz C+1)= AC+b; or c=(A caj)C+h: (6)

Given a xed projection matrixM , putting Egs. (5) and (6) together now yields a system of

6 linear equations in the 9 unknown coordinatedHof V , andC:

2 32 3 23 23
A ca} o' hal 5 ~H h 0
§ 0" |A ca} vaj zév z = évz Eoz ; (7)
o' 0" |A caj C C b

Given xed vectorsH , V , andC, Egs. (5) and (6) also provide a system of 6 linear equations

in the 11 unknown entries d¥l :

2 32a3 2 3
1
H| hCT cH'T|O, h
as
gv vCT ¢cVvT ozz =§vz; (8)
T as
C cC' |1, C
b

where0, and| , are respectively the 2 zero and identity matrices] anda) are the rst

two rows of M , and
2 3 2 3 2 3

T T T T T T

OT H T OT VT OT CT

Given that the structure and motion parameters are ambsguputo a projective transfor-
mation, replicating the original nonlinear system (4) faclke image measuremefs;, with
i =1;:::;;mandj = 1;:::;n, yields 6mn equations in1lm + 9n 15 unknowns. These
equations are redundant whenever 2 image tracks share at least 3 frames, and it is
possible to judge whether the corresponding patches yigidive together by solving for the
structure and motion parameters and measuring as befonmeha-squared distance in pixels

between the predicted and measured values of the vegtors; , andv;; .
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@) (b)

Fig. 3. Adding patches and cameras to an existing model, illustratderms of the patch-view matrix. Each dot

represents & 3 matrix of patch measurements in an image, each column eqgea track and its associated 3D
patch, and each row represents an image and its associatetacga) The initial dense model, represented by an
enclosing box. (b) A 3D patch supported by seven measureniemtdded to the model. (c) A camera supported

by six measurements is added to the model.

D. Handling Missing Data: Incremental Bilinear Re nement

So far, we have assumed that all patches are visible in aflldsa However, this is generally not
the case. Suppose all the patches associated with a siggleobject are collected into a block
matrix S as de ned in Eq. (2). Each blocg; can be treated as a single element pagch-view
matrix, whose columns represent surface patches, and rows repthsemages in which they
appear (see Fig. 3 for a visualization of this matrix). Migsentries in this matrix correspond
to images where a particular surface patch is not seen. igorl is anincrementalversion
of bilinear re nement that takes a (possibly sparse) pafeli matrix as input and outputs a
modelof the scene, i.e., estimates of all camera paraméfersand patch parameteg; .

Algorithm 1 works either with the globally af ne projectiomodel described in Section I1I-B
or with the hybrid model of Section IlI-C. It needs to be ialized with a model covering a
large, dense subset of the data, and a procedure for ndingjtabse one is described in the
Appendix. Once an initial model is available, it is expandedan iterative fashion by adding
cameras that observe a suf cient number of known 3D patclies,3D patches that are seen by
a suf cient number of known cameras. To minimize the amoungsiimation error introduced,
our implementation requires either a camera or a 3D patcle teupported by at least six image
measurements. At each iteration, the camera or patch deppby the most measurements is
estimated and added to the model (Fig. 3). A threshold onegpeojection error of the estimate
is used to guard against adding outliers. Periodicallyafgerithm performs a few (typically 4)
iterations of bilinear re nement on all data in the model topagate updates from newly added

items to earlier cameras and 3D patches.
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Input:
Afne or locally af ne de nitions for the camera and patch agqtions.
The sparse patch-view matrix containing the image measmss; .
A seed model consisting of camera matridés and 3D patch matriceB; that cover a subset
of the patch-view matrix.
Output: A model covering a maximal subset of the patch-view matrixeig the minimum
coverage requirements for patches and cameras.
repeat
For each column of the patch-view matrix that is not yet covered by a known 3ich
B;, count the numbem; of image measuremeng; that reside in some row covered by
a known camera.
Similarly, for each rowi that is not yet covered by a known camera, count the number

n; of image measurements covered by some known patch.

D

Add to the model the row or column that has the highest numiberogered imags
measurements:
if a rowi is choserthen

— Solve forM ; by stacking then; instances of the camera equation associated |with

image measurements covered by known patches.
else

— Solve forB; by stacking tham; instances of the patch equation associated with image

measurements covered by known cameras.
end if

Incremental bundle adjustment: Propagate the effectseohéw data into the model by
re-solving for all the known patches and for all the known egas. Alternate between
cameras and patches several times.

until no column or row remains with suf cient coverage.

Algorithm 1: Incremental Bilinear Re nement.
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A potential dif culty with the incremental bilinear approh is that the point arrangements
or camera motions contained in the overlap with the existmgglel may contain degeneracies.
For example, the new patches indicated by the horizontairb&ig. 3(c) may contain nearly
coplanar points, preventing the reliable estimation ofdhmera matrix associated with that row.
In practice, however, our strategy of adding the camera tohpaith the largest overlap tends
to minimize degeneracies. Finally, let us say a word abonhing time. On average, it takes
approximately 10 minutes to segment a shot and build 3D nsodfehll the components (the
precise timing depends primarily on the number of tracks,akso on the length of the shot,
which can range from 150 to 600 frames). Including trackitig, total processing time for a

typical shot is approximately 90 minutes.

E. Motion Segmentation

We are nally ready to deal with scenes containing multiptelependently moving rigid
objects. This section proposes an approach that takes tadeaof multi-view constraints (either
af ne or locally af ne) to simultaneously identify the subts of tracks that move rigidly together
and build the 3D models of the corresponding componentssiRgslicity, we assume that patches
moving rigidly together do so over all the frames in whichytteee visible.

Algorithm 2 summarizes our method, which is similar in gpioi those proposed in [16], [55].
We rst locate the frame in the video that contains the largesnber of tracks. This provides
the richest evidence for the dominant motion. At all stagethe processing, tracks must be
seen together in some minimum numbeiof frames (typically,! = 6) in order to give high
con dence that they are rigidly connected. In addition, éodonsidered consistent, a set of tracks
must yield a 3D model that has a reprojection error below estiold (typically, =1 pixel).
Algorithm 2 selects the dominant motion among the concareicks using RANSAC, and then
grows the associated rigid component by adding consistankg from anywhere in the shot
until the set of tracks reaches a xed point—that is, the setomger changes between iterations,
or it cycles through a nite number of values. If the resuitingid component is suf ciently
large (typically, with 25 tracks), then the algorithm adds it to the list of componemtd
deletes it from the set of free tracks. Finally, the algarthepeats from the RANSAC step.
This process stops when it is no longer able to collect a sentty large set of tracks from

somewhere in the shot.
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Input:
A set of tracksT.
A threshold! on the minimum number of consecutive frames two overlappiagks must
share.
A threshold on reprojection error. This determines if a track is comsiswith a model.
A threshold on the minimum number of tracks in a component.

Output: A set of rigid groups and their associated 3D models.

repeat
Find the framg with the largest number of concurrent tracksTinA track must appear

at least in frame¢f;f + !) to qualify. Call the set of overlapping tracks.
Use RANSAC to nd the largest subset of tracks @nthat are rigidly consistent: For

each random pair sampled fro@, form a 3D model and then select all other tracks from

O with reprojection error below to form a consensus set. Keep the largest consensus set

and call itC.

repeat
Form a model fronC by using incremental bilinear re nement (Algorithm 1).
ReplaceC with all tracks inT whose reprojection error is below

until C stops growing.

if C contains at least tracksthen
Add C and its model to the output.

T TnC.
end if
until anotherC such thatCj cannot be formed.

Algorithm 2: Motion Segmentation.
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The algorithm builds a 3D model for each rigid component ef skene as an integral part of
its processing. There is no separate 3D modeling stagematigon segmentation. The resulting
3D model will have either an af ne or projective ambiguityemending on whether the modeling
method was af ne or locally af ne, respectively. For displpurposes, we perform a metric

upgrade using standard techniques [40], [42], [54].

F. Results

In this section, we present selected snapshots of modedsgts. In order to convey a more
complete sense of the processing and output of our propgséens, we also provide videos on
our web site:http://www-cvr.ai.uiuc.edu/ponce _grp/research/3d

Figure 4 shows the results of a laboratory experiment usidgos of stuffed animals, pro-
cessed with the af ne projection model. The rst row showsegmmentation experiment where
the head of a bear is moved by hand independently from its.bbldy head is found as one
segment, and the body as another. The second row of Fig. 4ssh@ggmentation experiment
using the bear and a dog rotating independently, but withlainspeeds and axes of rotation.
The bear is found as one component, and the dog is broken aipmintcomponents, the break
occurring as the viewpoint moves from one side of the reddifivat object to the other. Fig. 5
shows results of segmenting and modeling shots from thees&un Lola Rurand Groundhog
Day, processed using the locally-af ne projection model. Thist row shows a scene froRun
Lola Runwhere a train passes overhead. The detected componentseatbet train and the
background (Lola herself is omitted because she is nod)riihe second row shows a corner
scene from the same movie. The two rigid components are thenththe background. Finally,
the third row shows a scene fro@roundhog Day The rigid components are the van and the
background. Later in that shot, another vehicle turns off tighway and is also found as a
component.

Our motion segmentation algorithm uses conservative liotds for determining whether
tracks are rigidly connected (i.e., the tracks must be segether for a fairly long time and with
a low reprojection error). This helps to remove outliers anldieve accurate reconstructions even
in dif cult shots, but also tends to over-segment objectogd tracks have insuf cient overlap
because of rapid camera or object motion. One example obéfavior is the over-segmentation

of the dog from the the bear-dog video of Fig. 4, as discusbedea Another example is the
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Fig. 4. Segmentation and modeling of two lab videos. Top row: thedlefathe bear moves independently from
its body. Second row: the bear and the dog are rotating intkp#ly. Left: representative frames from each video.
Middle: patches detected in the corresponding frames -@aded by their motion component. Right: reprojections

of the estimated models for each component, surrounded dmk ffames. Bottom: bear model constructed from
the bear-dog video, along with the recovered cameras.
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Fig. 5. Segmentation and modeling of shots from movies. Top rovin tsaene fromRun Lola Run Second row:
corner scene fronRun Lola Run Third row: van scene fronGroundhog Day The display format of the shots
is analogous to that of Fig. 4. Bottom: reprojection of the BiDdel of the van. Note that the viewpoint of the

reprojection is signi cantly different than any in the oingl scene.
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corner shot fromRun Lola Run(Fig. 5), which contains a rapid camera pan that causes most
of the scene patches to traverse the entire length of theeinmathe number of frames that is
close to the overlap threshold. In addition, all those padchiso fall on a nearly planar surface,
making it very dif cult to obtain an accurate model. Thus,rouethod breaks the background
of this shot into several components. It must be noted, hewekiat over-segmenting a scene
typically does not pose a problem for the shot matching tdgaissed in the next section, since
the 3D models can be matched independently. Finally, becausmethod places a conservative
threshold on the minimum number of tracks in a componengnts to eliminate small objects
with only a few tracked patches. For example, cars moving@la road in the distance may

receive only ve to ten patches, and thus fall below our tgpithreshold.

IV. RECOGNITION

Our goal in this section is to demonstrate the ability to meashe similarity between shots
by comparing 3D models of their rigid components. This &pitiould serve as a basis for a
video retrieval system, which can search for shots contgiai “query” object or scene, or for
a clustering system, which can automatically extract dbjaad locations that occur repeatedly
in the input footage.

For the purposes of our recognition experiments, it is uUsefuhave video with multiple
repetitions of a similar scene. The moRein Lola Rurcontains three repetitions of roughly the
same plot sequence, with slight variations (Fig. 6). Fos thovie, we use the shot segmentation
provided by the VIBES project [58]. Another Im with a suitkbnarrative structure i&roundhog
Day. We determined the shots f@roundhog Dayby hand, with some help from Josef Sivic.

As stated above, our approach to shot matching is to form 3@etsoof both shots and
compare the models directly in 3D. An advantage of this aggutoover frame-to-frame com-
parison in 2D is that the representations to be compared 3ie models) are very compact. In
our system, most of the computation takes place during theelimgy stage, and the comparison
stage is relatively rapid. Furthermore, using 3D modelsriatching allows us to take advantage
of the strongest possible geometric constraints on thetsiiel and motion in the shot.

We formulate shot matching as the following recognitionijdeon: Given a “query” in the
form of a single rigid 3D model, return all shots from a datbthat contain a closely matching

component. In our prototype implementation, the systempaoes the query object to each

DRAFT



21

Fig. 6. Frames from two different scenes Run Lola RunEach scene appears three times in the movie.

component in the database, though it would be straightiahi@speed up the process by incor-
porating ef cient indexing techniques. Algorithm 3 givedset procedure for matching between
the query model and a given component, called the “test madehe sequel. The matching
procedure, whose implementation is described in detaihan following section, once again
builds on ideas of RANSAC to seek a maximal set of consisteatches between two sets of

surface patches.

A. Matching Procedure

Step 1 of Algorithm 3 reduces the practical cost of the setimadugh the space of all possible
matches by focusing on the matches that have high appeasaniarity, and are therefore more
likely to be correct. We describe the appearance of surfatehps using color histograms and
SIFT descriptors [27]. As explained next, color acts as atialnlter on potential matches,
giving greater con dence to the monochrome similarity mead by SIFT.

We work with the YUV color space, where intensity is orthogbto chroma. We retain only
the chroma component, i.e., the U and V values, and bull@ a10two-dimensional histogram.

Two color histogramé andg are compared with the? distance, de ned as
X (h g)*

’(h;g) = ——;
i  hi+g
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Input: Two sets of patched andB.

Output: AsetC A B of consistent matches.

Step 1: Appearance-based selection of potential matches.
Initialize the set of matches! by nding patch pairs fromA B with high appearancge
similarity.
Step 2: Robust estimation.
Apply robust estimation to nd a se&€ M of geometrically consistent matches.
Step 3: Geometry-based addition of matches.
repeat
repeat
Estimate a registering transformati@usingC.
ReplaceC with all matches inM that are consistent witk.
until C stops changing.
Re-estimate using C.
Add more putative matches td using Q as a guide. New matches must also satisfy

relaxed appearance constraints.

until M stops changing.

Algorithm 3: Matching (see section IV-A for details).

whereh; andg are corresponding bins in the two histograms, aimeérates over the bins. The
resulting value is in th¢0; 2] range, with 0 being a perfect match and 2 a complete mismatch.
All matches yielding a score above a thresholddf are rejected, and all remaining matches
go through another round of selection based on their SIFErisrs.

The SIFT descriptor [27] of a normalized (square) patch ist®sof gradient orientation
histograms computed at each location o#ta 4 grid (Fig. 7). The gradient directions are
guantized into eight bins, resulting in 128-dimensionaldee vectors. These vectors are scaled
to unit norm and compared using the Euclidean distance, wmsilting values in the range
[O;pi]. For a given patch in the query model, we then select the sld§epatches in the
test model that have also passed the color histogram testvdlue ofK is chosen adaptively
(see [45]), and is typically to 10 in the implementation.
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Fig. 7. Two (recti ed) matching patches found in two images of theahelong with the corresponding SIFT

and color descriptors. The values of the eight orientatimis bssociated with each spatial bin are depicted by the
lengths of lines radiating from the center of that spatial. itach color histogram appears as a grid of colored
blocks, where the brightness of a block indicates the wedghthat color. If a bin has zero weight, it appears as

50% gray for the sake of readability.

Step 2 of Algorithm 3 uses RANSAC to nd a geometrically cateint subset among the
most promising match hypotheses. Our assumption is thalatigest such consistent set will
contain mostly true matches. The geometric consistency oéradidate seC is judged by
measuring the error of the registering transformatipetween the two sets of patches it puts
in correspondence. L& = [H V C]andP°=[H°V°CY be a corresponding pair of 3D
patches irC (speci cally, P belongs to the query model aff belongs to the test model). The
error between the two registered patches is measured asv$oll

kP QP %, _
det(H V JT[HV )=
The denominator of this expression is the characteristesof the query patch in 3D. Empir-

dist(P; P9 =

ically, patches of larger scale have less certain locatimattnd so should have a more relaxed
distance measure. The overall error associated with thdidate setC is de ned by the root

mean squared distance between the respective patches riegiseered models:

s o

1 X . 2

error(C) = on dist(P;P9“:
J(P;P(’)ZC

In principle, the most general form of the registering tfan®ation for our models is projec-

tive. However, our tests have shown that an af ne regisirapirovides better results, even when
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one or both models were originally computed using the lgcaflne camera model, and thus
contain an intrinsic projective ambiguity. Af ne registian is more robust against noise due
to differences in the recovered patches between the two Isyamled against degeneracies (e.g.,
coplanar points). Lowe [28] makes a similar observationhi& tontext of aligning 2D models.
To achieve even greater robustness, we reject matchingthgges that grossly distort models
in order to register them. Distortion is measured by chegkine condition number and skew of
Q.

Step 3 of Algorithm 3 explores the remainder of the searcltespseeking to maximize the
number of geometrically consistent matches between theelmo#laving a larger number of
matches improves the estimate of the registration tramsfbon, and also leads to a higher
con dence score for matching, as explained at the end ofgbddion. EnlargingC proceeds by
iterating between two phases. First, we addCtall putative matches currently iM that are
consistent withC. Second, we enlargk! itself by adding pairs of patches that may have been
initially Itered out by the appearance similarity congtres, but that are still consistent with the
established geometric relationship between the two mo&glsci cally, we use the registering
transformation between the two models to map the patches fhe test model onto the query
model. We then pair up each patch in the query model with a wrathber of nearest patches
from the test model, and add the resulting pairdvto

Our nal measure of matching quality is thepeat rate[48], de ned as follows:

__ici

min(jAj;jBj) ’
where|Cj is the number of trusted matches, a@d andjBj are the numbers of 3D patches
in the respective components. The repeat rate can rangeGrtml, where 0 means nothing

matches and 1 means everything matches.

B. Results

We have applied the modeling method described in Sectioto Ithe construction of models
of various shots, and assembled these into a small datefraseRun Lola Rurwe collected six
scenes, each appearing three times, for a total of 18 shat Groundhog Daywe collected
two shots of the van. We also collected six lab shots covettiegfollowing objects: a stuffed

bear, a stuffed dog, and a cell phone. To demonstrate thatmatrhing procedure can work
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seamlessly with models created from still images, we alstuded a model of the stuffed bear
made from 20 photographs with resolutidB72 1704 The database contains 27 shots, with a
total of 78 rigid components or models. Figs. 8 and 9 show aptet® gallery of shots in the
database. Next, we selected a set of ten “query” models bgpgadne representative of each
scene or object that appears in the shots. Each query wasonepared to every model in the
database (excluding models originating from the same shidha query itself), for a total of
754 model-to-model comparisons. The running time of thé$ veas 347 minutes (27.6 seconds
per comparison on average). Finally, ground truth data veaimed by manually identifying all
database models matching each query.

As described in the previous section, the outcome of eactpadson is controlled by setting
a threshold on the repeat rate. The results are shown in Bign the form of a ROC curve
plotting true-positive rate against false-positive rate ¥arious choices of this threshold. The
equal error rate (i.e., the true-positive rate that is eqoalne minus the false-positive rate) in
Fig. 10 is approximately 0.833. The corresponding repeat is0:07, indicating the dif culty
of nding exactly the same patch in two different videos of@inject. Like all methods based on
keypoint extraction, ours is limited by the repeatabilifyf@ature detection. Moreover, because
of our strong reliance on 3D geometric constraints, it isong@nt that a detector not only nds
features of similar appearance, but also localizes theraratay.

Figure 11 shows four examples of correctly matched modedgther with the repeat rates for
each. Figure 11(a) shows the results of matching a queryrhedel obtained from still images
to a test model derived from the bear-dog video (Fig. 4). &the still images have much higher
resolution and sharpness than the video, the scale of tkbgmin the query model is generally
smaller than that in the test model. This explains the soraéwdw repeat rate 00:13 in this
case. Fig. 11(b) shows a match between models of a cell phemed from two lab videos.
Note that the cell phone is a dif cult object to model usingr enethod, since its re ectance is
highly non-Lambertian and view-dependent. Despite lagggrslarities that make tracking and
matching dif cult, our method still nds a relatively highumber of stable appearance-based
matches (the repeat rate(s32) and a valid geometric correspondence between the two model
The train scene in Fig. 11(c) is the best-quality match of fthe examples, with the highest

repeat rate 00:52. By contrast, the street scene in Fig. 11(d) is the pooreslig match, owing
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Fig. 8. Gallery of shot models (part 1). Each shot appears as a pamades: The image on the left shows a
frame of the original video, and the image on the right cdasi$§ a grayed-out version of the video frame and a

reprojection of the 3D model, with bounding boxes aroundviiddal rigid components.
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Fig. 9. Gallery of shot models (part 2).
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Fig. 10. ROC curve (true positive rate vs. false positive rate) fernmatching test consisting of 754 model-to-model

comparisons.

to drastic perspective effects in the video. Several feathiave been matched incorrectly, some
of which can be seen in the right part of the gure. Overallesd four examples provide a
good illustration of the multiple challenges and sourceglibtulty inherent in the modeling

and matching processes.

V. DISCUSSION

This article has presented a new approach to video modelitiyg am application to shot
matching. We have demonstrated an implemented systemstiogsof multiple components,
including a representation of 3D objects in terms of smadinpl patches tangent to their
surfaces, an algorithm for simultaneously segmentingkédcfeatures and constructing 3D
models of rigid components, and a method for matching suctietsausing both geometry and
appearance. Each component of our implementation has lsefulty designed to cope with
dif cult real-world imaging conditions, and to achieve aoper balance between the con icting
requirements of robustness to outliers and invariancegtad sant changes in surface appearance.
The experiments presented in this paper, particularly tres aising the ImsRun Lola Rurand
Groundhog Day show the promise of our method to support video indexing matdeval. It
is important to emphasize that commercial Ims are particyl challenging for SFM methods,

since their shots frequently have very little camera mqtioncamera motion that is nearly
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(a) Repeat Rate = 0.13

(b) Repeat Rate = 0.32

(c) Repeat Rate = 0.52

(d) Repeat Rate = 0.19

Fig. 11. Four correctly matched shots. Left: original frame of thst thot. Middle: the query model reprojected
into the test video. Right: the query model matched to thertexlel. For ease of visualization, the gure includes

black lines connecting several corresponding patches,idénti ed by distinct markers.

degenerate. Empirical observation suggests that in susdsdhe structure of the shot models
output by our system degenerates to planarity, but sincerrdtion about local appearance is
preserved in our patch-based representation, the reguttibdels can still be matched using
the techniques of Section IV. Signi cant perspective effesuch as foreshortening, are also
frequently present in Im shots, but these can be handleadessfully using our novel locally
af ne projection model.

Let us close by sketching several directions for improvenoérihe current method. First of
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all, the feature extraction and tracking system could beamadre robust by including several
complementary methods for generating af ne-covariantcpes. Our present implementation
depends in large part on corner-like Harris-af ne interpsints [35], which often fall across
object boundaries, and therefore cannot be tracked stébg.Hessian regions it uses are less
likely to fall on edges. However, our system would bene trfrahe inclusion, for instance, of
maximally stable extremal regions [33], which are gengrdétected on relatively “ at” regions
of an object's surface. Furthermore, some 3D objects aramenable to representation by planar
patches, for example, lamp posts or wires of a suspensidgédarin such cases, a hybrid system
that models point, edge, and planar features would be matabse To improve computational
ef ciency, our proposed modeling and recognition techesgjican be easily integrated with
modern indexing schemes, such as locality sensitive hgdl2i@] and inverted le structures
for document retrieval [51]. Finally, many interesting etls are non-rigid, the prime example
being human actors. Thus, an important future researcletitireis extending our approach to

deal with non-rigid, articulated objects.

APPENDIX: FINDING DENSE BLOCKS

The incremental bilinear re nement algorithm (Section) requires the factorization of one
large dense subset of the patch-view matrix in order toaliut the SFM estimation procedure.
The general problem of nding dense blocks in a matrix is gglgnt to nding maximal cliques
in a graph, and is therefore NP-hard. However, since traeksantiguous, the patch-view matrix
is equivalent to annterval graph for which this problem admits a simpler solution [21]. An
interval graph is one in which each vertex represents a @ootis range (such as intervals on
the real line) and each edge represents an overlap betweerahges. In our case, each vertex
corresponds to the unbroken sequence of views in which awnbatch appears, and each
edge corresponds to the sequence of views where two givéaceupatches are both visible.
A clique (that is, a fully connected subset of the vertices)hie graph is equivalent to a dense
block. Maximal cliques in interval graphs can be found inytagarithmic time, rather than
NP time as required for the general case [21]. Algorithm 4pired by [21], enumerates all
the maximal cliques/blocks with at least, views. After choosing the largest dense block, we
factorize it. The resulting model provides a starting pdort incremental bilinear re nement,

which gradually adds all the other tracks to the model.
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Input:
For each track, the indices of the rst and last views in whichppears.
A lower limit Ny on the number of views in a blocl, 2.
A lower limit Np on the number of tracks in a blocklp 2.

Output: A set of dense blocks (each represented as a list of viewgackktat whose intersection

the data is all present).

Shorten each track by 1. That is, for each tracked patch, subtréti 1 from the
index of its last view. Only retain tracks with positive lehg
for all viewsV; where some track starts (in increasing orcs)
for all viewsV; where some track endp, i do
Let B be the set of tracks that appear in both viewsandV, .
if at least one track iB starts atV; and at least one track iB ends atV; then
Create a block consisting of tracks B and views fromV, to V; inclusive.
end if
end for

end for

Lengthen each block by 1 views.

Algorithm 4: Contiguous Blocks.
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