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Abstract—This article presents a novel representation for In principle, our patch-based 3D object representation can
dynamic scenes composed of multiple rigid objects that may pe naturally extended from modeling static objects capture
undergo different motions and are observed by a moving camex. in a few photographs to modeling dynamic scenes captured in

Multi—view constraints associated with groups of af ne—cwariant id | fi th h thi tension i qui
scene patches and a normalized description of their appearee video sequences. In practice, though, this extension I& qui

are used to segment a scene into its rigid components, constt  challenging because it requires several signi cant moa ¢
three—dimensional models of these components, and match-in tions of the existing approach. First, our previous workHa$
stances of models recovered from different image sequences agssumed a simpli ed af ne projection model, which cannot
The proposed approach has been applied to the detection and 4 qje the signi cant perspective effects contained in ynan
matching of moving objects in video sequences and to shot . .

matching, i.e., the identi cation of shots that depict the ame scenes from Ims or commercial video — seg, for example,
scene in a video clip. the street scene from the movRaun Lola Run(Fig. 6). In the
present contribution, we address this issue by introduaing
novel projection model for surface patches that accounts fo
perspective effects between different patches, but usabram
model within each individual patch. Second, video clips@din

. INTRODUCTION always contain multiple objects moving independently from

HE explosion in both the richness and quantity of digitaEach other and from the camera. We address this complication

video content available to the average consumer create# developing a method for segmenting all tracked features
9 iAt0 groups that move together rigidly and discarding the

need for indexing and retrieval tools to effectively manége features that do not fall into any rigid group. Notice thasth

large volumde/ of ?]atta al?/ld ?f Clefntt.ly acpdess speC|r:: ;‘rall”nesr fundamentally aigid modeling framework, and therefore it
scenes, andfor shots. Most existing video search tools | nnot represent certain kinds of video content, such as fas

[2], [3], [_4] rely on the appearance and tvyo dlmenS|onaI)(2Dmovmg people or animals.
geometric attributes of individual frames in the sequeace] . . .
. . Our approach to constructing 3D representations of video
they do not take advantage of the stronger three-dimerision :
. . : : . clips extracts af ne-covariant patches, tracks them tigtothe
(3D) constraints associated with multiple frames. In this-p . :
: X : . image sequence, and then simultaneously segments the track
sentation, we propose a richer representation of videceodnt

. . . .. and builds 3D models of each rigid component present in
for mod_ellng and retrieval tasks that is ba_lsed on eXp“C't¥1e scene. The resulting 3D models represent the structural
recovering the 3D strgcture of & scene using structure frocnantent of the scene, and they can be compared and matched
m?:tu?ln (.SFM) constrlgmts. K dell d " using techniques similar to those in [5]. This is useful $bot

oflowing our eariier work on modeling and recogni IOr]’natching i.e., recognizing shots of the same scene [14], [15],
of static objects from photographs [5], we propose to repr 6], [17], [18], [19] — a fundamental task in video retriéva

sent 3D structure using a collection of small planar patch S The rest of the article is organized as follows. Section Il

combined with a description of their local appearance. Thé%mmarizes related work in video analysis and SFM. Sec-

approach uni es recent work on local image description gSir[ion Ill describes our approach to tracking af ne-covatian

af ne-covariant regions [6], [7], [8], structure from moti [9], &)atches in image sequences, identifying subsets of traeks t
e L

[10], [11], and shape from texture [12], [13]. It is bas - - :
on the following key observation: Although smooth surfac:ergo.ve rigidly together, a_nd building 3D models of the resslgn-

figid components. Section 1V develops a method for matching
are almost never planar on a global scale, they are alw

lanar in the small—that is, suf ciently small surface s models constructed from different shots. Sections léirH
P ' hd ; IV-B present experimental results on several videos, liolgl
can always be thought of as being comprised of copla

. : "&ots from the ImsRun Lola Runand Groundhog Day
points. The surface of a solid can thus be represented by.a .. . . : .

. . ection V concludes with a discussion of the promise and
collection of small planar patches, their local appearaand

a description of their 3D spatial relationship expresseéims limitations of the proposed approach, together with plauts f

of multi-view constraints future work,
' A preliminary version of this article has appeared in [20].

Index Terms— Af ne-covariant patches, structure from mo-
tion, motion segmentation, shot matching, video retrieval
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and retrieval. Unlike most existing video retrieval methpdHarris points and lines and matching them between frames.
which only deal with 2D image motion, our matching metho@ollefeys et al. [34], [35] focus on the problem of metric
takes full advantage of strong 3D geometric constraintthigr reconstructions of 3D scenes. They demonstrate that, with
section, we brie y look at work in the video analysis commuthe help of a few reasonable assumptions, such as roughly
nity (Section 1I-A), and then discuss relevant techniquas fknowing the image center, it is possible to go from projectiv
3D object modeling from video sequences (Section 11-B) anid metric calibration without explicit knowledge of all nmsic

motion segmentation (Section 1I-C). camera parameters. Nistér [36] presents a complete system
for dense 3D reconstruction from video sequences and also
A. Video Analysis and Shot Matching offers a robust metric upgrade method which places practica

Video indexing systems, such as [1], [2], [3], [4], areconstralnts on the arrangement of camera positions.

. ) Our own approach to 3D reconstruction from video se-
analogous to image retrieval systems [21], [22], [23], [24lquences depgrris from the above methods in two respects:
[25]. They typically treat “shots” as atomic units, where %L '

. “ |rc§t, we use af ne-covariant features instead of points or
shot is de ned as “one or more frames generated and recorde ) . :
: . . L ineé segments, and second, we introduce in Section III-C
contiguously and representing a continuous action in tinte a L .
a locally af ne/globally projective camera model spegyall

isspchzirl[j?rl{aﬁ;:?gzg;?gz tgg;g%237?O[tzg?usnc;j?c:'retshéns\gss%dapted to the unique characteristics of these featuneally;i
this article, we assume that a shot segmentation is given'tagngs'[ be nc.>te.d that all of the SFM. methods “Stefd |_n.th|s
part of the input. In principle, though, we can also detemshsectlon are limited to modeling static scenes or individual
boundaries using the tracking technique presented in cﬁectlng!d compoqent_s. When the Image sequence contains naltip|
1A, pbjects moving mdepe_nden_tly, it is necessary to segment th
One approach to video matching is to compare individutl'29€ measurements into rigid groups, as discussed next.

keyframes from the two shots [29], [17], [18], [30]. For

example, Sivic and Zisserman [18] combine ideas from wide. Motion Segmentation

baseline stereo and text retrieval in a system they dub ®ide S | existi laorithms f . , |
Google.” The idea is to extract a vocabulary of “visual wdrds everal existing algorithms for motion segmentation rely

. o . on af ne SFM constraints to nd rigid components (that is,
via vector quantization of appearance-based descriptuis a 9 P (

to treat keyframes as documents containing these “word toups of rlgldly.movmg pomts) In image sequences. Given a
. o . . _flense data matrix, these algorithms address two key prablem
Retrieval of similar shots is accomplished by analogy wit

text document retrieval: Potential matches are rst idexti etermining the number of rigid components represented in

. . the data matrix, and assigning each 3D point to one of those
by comparing frequency counts of visual words, and are then

? . : . components. Boult and Brown [37] observe that the rank of the
re-ranked using loose 2D geometric consistency cons$rain . .
. Lo ST ata matrix should approximately equal the rank of the data
An alternative to considering individual keyframes sepslya

is to form a mosaic from the keyframes in the shot and then '{6"" single rigid component times the number of components,
and propose an algorithm to segment out the components

match the mosaics [14], [2], [22]. A signi cant shortcomm%sing approximate rank as a consistency measure. Costeira

of all these methods is that they only consider the 2D mou%nnd Kanade [38] propose a more direct numerical approach

of image reglons,.and do not take ad\(antage OT t.he str(_){(mjg extracting the components based on SVD of the data
geometric constraints that can be derived for rigid bodies

: . . . . Matrix. Gear [39] proposes an alternative numerical apgroa
observed from multiple viewpoints. In Section 1V, we will . . . :
X . that involves reducing the data matrix to a modi ed echelon
propose a fundamentally different approach to shot matghi

which works by forming 3D models from the two shots an rm and treating each quadruple of rows as a component.
. . ) L ther ways of applying the rank constraint include the af ne
comparing these reconstructions, while taking into actoun

both appearance and 3D geometric information subspace method [40], [41], which uses the observation that
' the projected points of an object can be described by three

basis points in each image and a 3D coordinate vector for

B. 3D Modeling from Image Sequences each point on the object, and Generalized Principal Comptone
Traditionally, 3D modeling from image sequences has bedmalysis (GPCA) [42], which casts the problem of determinin

approached by applying SFM techniques to groups of poitite number of subspaces and the basis for each subspace in

and/or line features matched across several images. Htmns of polynomial factorization. Movie shots are particly

we discuss a few examples from the extensive literature ¢hallenging for af ne motion segmentation methods since

this area. Tomasi and Kanade [11] observe that under #aey often contain degenerate structure or motion (e.gnapl

af ne projection model the camera parameters and 3D poirgsenes, cameras rotating in place, or cameras moving along a

can be computed by assembling 2D image measuremesitsight line). In addition, some scenes may contain sicant

into a data matrix and factoring that matrix via Singularglobal perspective effects, limiting the applicability af ne

Value Decomposition (SVD). The practical applicability otechniques.

this method is limited by its assumption that the data matrix Projective approaches avoid the latter problem, but are

is dense, i.e., that every surface point appears in (almostl vulnerable to degeneracies. The methodology used in

every image. Zisserman et al. [31], [32], [33] propose tthis article is related to the robust approach to recursive

reconstruct static 3D scenes from video sequences by ndieggmentation proposed by Torr [43], [44] (see also Fitzgibb



and Zisserman [45] for related work). The procedure iteratehanges in viewpoint under the af ne (orthographic, weak-
between two key steps: (1) Use Random Sample Consenpasspective, or para-perspective) projection model a$ agel
(RANSAC) [46] to select the dominant motion, and (2) subthe locally af ne model introduced in Section 111-C.

tract all data in the dominant motion, leaving only pointatth

potentially belong to other rigid components. The proceduL R -
repeats until the number of remaining points is too small to 55 ng 0
reliably estimate a new component. j ' :>

Finally, Sivic et al. [40] take an approach to describing=—
whole shots that is similar to the one proposed in this &ficleig 1 Left: Geometric interpretation of the recti cation matrix
in that they track af ne-covariant patches across an image and its inverseS. Right: A rectied patch and its associated
sequence and segment them into motion groups. A combiparallelogram in the original image.
tion of several local motion constraints and an af ne-swdrsp
model produce a motion segmentation for the tracks that canlhe rectifying transformatioR associated with a planar
handle small amounts of non-rigidity in the objects. Howevepatch and its inversg can be represented by t&o 3 matrices
unlike in our own work, no explicit 3D representation of théhat map homogeneous (af ne) plane coordinates onto non-
objects is formed, and shot matching still relies on the Widd'omogeneous ones. Liet v, andc denote the column vectors
Google retrieval engine [18], and thus incorporates onlpkve Of the matrix S. These vectors admit a simple geometric
2D constraints. interpretation [5]: the third columu is the coordinate vector
of the patch centec, and its rst two columnsh andv are
respectively the coordinate vectors of the “horizontaldan
“vertical” vectors joiningc to the sides of the patch (Fig. 1).
This section introduces our method for creating 3D models Suppose there are 3D surface patches observed in a con-
of rigid components in video sequences. Our object repri@uous sequence on images (i.e., the shot being modeled).
sentation, originally proposed in [5], combines a norneadiz The matrixS; denotes the measurement of surface patch
description of local surface appearance in terms of af ngrojected into framé. The image measurements associated
covariant patches [6], [7], [8] with the global 3D multi-with the jth patch tracked through a continuous sequence
view constraints studied in the SFM literature [9], [10]1[1 of frames are collectively called &ack (Fig. 2). Tracks are
Section llI-A describes the 2D geometric structure of af nefound using the Kanade-Lucas-Tomasi (KLT) tracker [52],
covariant patches and outlines the procedure for trackiemt [53], [54]. Given two images of an object separated by a
in video sequences. Section 1lI-B reviews the 3D structusgnall viewpoint change, and given a point in one image, KLT
and motion constraints associated with these patches andemnds its match in the other image. KLT iteratively searches
af ne projection model, which were rst introduced in [5]. for the location by minimizing the pixel differences betwee
Next, Section I1I-C introduces a novklcally af ne model of xed windows around the point in the “old” image and the
the image formation process capable of handling lajgbal point in the “new” image. To track af ne-covariant patches
perspective distortions. Section III-D describes a proced instead of points, we use a modi ed version of the Birch eld
for estimating patch parameters and camera matrices fréT implementation [55]: For each new frame, we rst
sparse image data (i.e., not all patches are visible by ptiopagate all the patches that are currently being tradked (
cameras). Finally, Section III-E introduces our method fgratches that exist in frarie 1). Speci cally, we use the KLT
simultaneously identifying and modeling sets of trackst théracker to update the location of the patch center in frame
move rigidly together in the video sequence. Examples afid then use non-linear least squares to re ne the parasneter
3D models obtained using the proposed approach appeaoirthe patch, maximizing the normalized correlation betwee
Section llI-F. the patch in framé and the same patch in the frame where
it rst appeared. This is more robust and less prone to drift
) than registering the patch to its counterpart in framel. For
A. Afne-Covariant Patches more details about the nonlinear re nement process, see [5]
Operators capable of nding af ne-covariant image regionéfter updating the existing patches, we next process thedra
[47], [48], [49], [50] in the neighborhood of salient imagewith the af ne-covariant region detector to identify anywe
locations (“interest points” [51]) have recently been gyeged regions that are not currently being tracked and to in#eali
in the context of wide-baseline stereo matching and imagfeeir matricesS; . To decide when to stop tracking a patch,
retrieval. Our implementation uses a combination of “cornein addition to the criteria used by the KLT itself, we also
like” Harris-af ne regions [48] and “blob-like” Hessian re check whether the ratio of the dimensions of the patch exceed
gions [6] (see [5] for details), and determines for each d¢me some threshold (typically 6), and whether the correlatiai w
shape, scale and orientation. Each region has the form othe initial patch falls below some threshold. The correfati
parallelogram, and is assigned an af restifying transforma- threshold serves two purposes. One is to terminate a track
tion R mapping it onto & 2 square centered at the originwhen the surface feature becomes occluded, and the other is
(Fig. 1). The square patch isn@rmalizedrepresentation of the | i ) )
. . After the completion of our work, a newer version of the Bigtt
local surface appearance that is invariant under planareaf implementation has appeared, and it includes the fundtigni@r tracking
transformations. Such transformations are induced byrarli afne patches directly.

IIl. M ODELING



to ensure that the patch parameters are well-estimated. Eoordinate system. In this case, the projection matricésae
the purpose of detecting occlusion events, we use a relaxed ; = A; 0, whereA; isa2 3 matrix, and
threshold (typically 0.8). This avoids the undesirableaiion _ ] _ ]

of dropping a patch before it truly becomes occluded, and Sj = AiB;; whereB; =[H; V; Cj]: @)
then re-detecting it in the next frame and treating it as a n@wollows that the reduce@m 3n matrix $ = AB, de ned

track. For the purpose of ensuring well-estimated patch pgs 2 3 o5 3

rameters, we perform a second pass to terminate tracks where Si11 it Sin Ay

their correlation rst falls below a tighter threshold (tigally ﬁ : . : 57) =4..:5 B, ::: B, : )
0.9). This two-pass procedure has the effect of recognizing Sn'u Sn'm Am

and eliminating unreliable “tails” of long continuous tka¢
whereas with a single-threshold approach, they would shpw bas at most rank 3. Singular value decomposition can be used
as numerous short “clutter” tracks and make the subsequeatin Tomasi and Kanade [11] to factorige and compute

3D reconstruction process less reliable. Note that it isites estimates of the matrice$ andB that minimize the Frobenius

for a patch to disappear and reappear in the sequence, suchais of the matrixS, AB. The residual (normalized) Frobe-
when an object passes temporarily behind another object. Was formjS  ABj= 3mn of this matrix can be interpreted
treat such a case as two different tracks, though they cangieometrically as the root-mean-squared distance (in gjixel
principle be uni ed by a “track repair” procedure [40]. Owdly between the predicted and observed valueg;of h; , and

it takes an average of 30 secofids process one frame of vjj .

video at resolution o720 480, and the number of regions

tracked in each frame is on the order of 1000. C. Locally Af ne Projection Constraints

The af ne projection model described in the previous sec-
tion is too restrictive for many real-world video sequences
since it assumes that rgdobal perspective effects are present
in the scene. In this section, we develop an improved pro-
jection model based on the more realistic assumption that
the scene as a whole contains perspective effects, but they
are insigni cant within each individual patch. Under this
‘ approximation, the corners of each patch obdpaal af ne

(paraperspective) projection model, while their centdrsyoa

Fig. 2. A tracked patch. Top row: the patch marked in the origingglobal projective model. As explained next, the local af ne
video. Bottom row: the recti ed patch. This gure shows eyeidth model is obtained by linearizing the perspective projectio

frame. equations in the neighborhood of a given patch center. Con-
sider the homogeneous projection equation
o ) p:}MP;WhereM:'A}b
B. Afne Projection Constraints 1z 1 ag 1

For now, let us assume that all patches are visible i the perspective projection matrid, is a2 3 sub-matrix
all images, and that the scene contains only a single rigi M . The vectorp andP are respectively the coordinates
component. The rst assumption will be relaxed in Sectidn Il for the point in the image and in 3D. Consider the perspective

D, and the second one in Section llI-E. projection mapping as a vector-valued functionRof
Under an af ne camera model, the mati$; records the
projection of a parallelogram drawn on the surface into the p=F(P)= m(AP + b):
3

corresponding image. Thus it can be written§gs= M ;N;,
where M ; is the projection matrix associated with imagdhen the Jacobian d¢F evaluated aP is the following2 3

numberi and matrix:
Ny = MV G @ _ A P+1) (AP+bal _ A paj
@ (az P +1)2 as P+1°

gives the position and shape of patghon the surface of
the object. The vectorsl j, V;, andC; are the 3D analogs
of hj, v;, andc; and have a similar interpretation (see [SE
for details). We follow Tomasi and Kanade [11] and pic
the center of mass of the observed patches' centers as the o @F _,_ A pag 0

o X p’= —P%= —— = PF" 3)
origin of the world coordinate system, and the center of mass @@ as P +1

of these points' projections as the origin of every image ] ) o
Thus, the Jacobian can be viewed as an af ne projection map

2All running times in this article are reported for a 3GHz PGhWL.GB of thaF de_pends oR an_d apprOXimates the original perspective
RAM. projection in a suf ciently small neighborhood d® . Now,

For a small displacement vect&r® a rst-order Taylor ex-
ansion ofF aboutP yieldsF (P +P% F (P)+ &PC=
+ p° where



consider a (small) af ne 3D patch with centér and “basis A comparative evaluation of the locally af ne projection
vectors”"H andV . Applying the above approximation in themodel and the globally af ne model of Section I111-B will be
neighborhood ofC 3éields the image projection of the patch:presented in Table | of Section IlI-F on modeling results.

h = ZH,;
2 v = gv_ @) D. Handling Missing Data: Incremental Bilinear Re nement
> c = SC(C),' So far, we have assumed that all patches are visible in all

frames. However, this is generally not the case. Suppose all
Our objective is to use these equations to nd the set @fe patches associated with a single rigid object are deltiec

camera and patch matrices that minimize the reprojecti@n erinto a block matrix$ as de ned in Eq. (2). Each block;

with respect to the image measurements. The correspondia@ be treated as a single element ipatch-view matrix

constraints are not linear, but they can be arranged as twhose columns represent surface patches, and rows represen

complementary sets of linear equations and solved usingha images in which they appear (see Fig. 3 for a visualinatio

technique calledbilinear re nement[56], which works by of this matrix). Missing entries in this matrix correspor t

holding one set of parameters xed while estimating the ctheimages where a particular surface patch is not seen. The

using linear least squares. By alternating sets of paramet@rocedure in Algorithm 1 is amcrementalversion of bilinear

it is able to update the estimates for all of them once pes nement that takes a (possibly sparse) patch-view maitsix

iteration and eventually converge to a local minimum [56]nput and outputs anodelof the scene, i.e., estimates of all

[57]. Bilinear re nement requires an initial estimate ofeth camera parameteid ; and patch parameteB; .

patch parameters, which we nd by af ne factorization as

described in SeCtion |I|-B' oooooooooooooooo T eeeeeees
Let us derive the linear equations for the camerasinterms of |::::0002:. sossiiel, Torteeel
known 3D patches, and for the 3D patches in terms of known |s::2ceecec. saiiiiiia.
cameras. Expanding Eq. (4) yields PR T ER SR
(a3 C+1) h v =(A cal) H V ;and (5) @ e (o) e © — -

— . _ T . Fig. 3. Adding patches and cameras to an existing model, illustrate
clas C+1)= AC+Db; or c=(A cas)C+b: (6) in terms of the patch-view matrix. Each dot represer®s & matrix

Given a xed projection matrisM , putting Egs. (5) and (6) of patch measurements in an image, each column represerzska t

. . . . d its associated 3D patch, and each row represents an mnage
together now yields a system of 6 linear equations in theﬁg associated camera. (a) The initial dense model, repieddy an

unknown coordinates dfl , V, a”dé:: 3 23 23 enclosing box. (b) A 3D patch supported by seven measuranient
A Cag oT hag H h added to the model. (c) A camera supported by six measurerigent
4 OT A Ca-ls— Va-|3— 5 4V 5 — 4V5 405 : added to the model.

or 0" |A ca] C c b , . . L
(7) Algorithm 1 works either with the globally af ne projection
Given xed vectorsH , V, andC, Egs. (5) and (6) also model described in Section I1I-B or with the hybrid model of

provide a system of 6 linear equations in the 11 unknowgection IlI-C. It needs to be initialized with a model coveyi

entries ofM : a dense subset of the data, and a procedure for nding a
2 3 2a 3 2 3 suitable one is described in the Appendix. Once an initial

H| hcT cHT |0, al model is available, it is expanded in an iterative fashion by

4v| vl v’ |05 gazé =4v5;  (8) adding cameras that observe a suf cient number of known 3D
C cC™ |1, b3 c patches, and 3D patches that are seen by a suf cient number of

known cameras. To minimize the amount of estimation error
where0, and| , are respectively thé 2 zero and identity introduced, our implementation requires either a camera or
matrices@a; anda; are the rst two rows ofA, and 3D patch to be supported by at least six image measurements.
y= H Too" . V= vt o' . c= ct o . At each iteration, the camera or patch supported by the most
o' HT or vT o cT - measurements is estimated and added to the model (Fig. 3).
A threshold on the reprojection error of the estimate is used
Given that the structure and motion parameters are ambigo-guard against adding outliers. Periodically, the akjoni
ous up to a projective transformation, replicating the ioaf) performs a few (typically 4) iterations of bilinear re nemie
nonlinear system (4) for each image measuren@ntwith on all data in the model to propagate updates from newly
i =1;::;;mandj = 1;:::;n, yields 6mn equations in added items to earlier cameras and 3D patches.
11Im + 9n 15 unknowns. These equations are redundantOne dif culty with the incremental bilinear approach is
whenevern 2 image tracks share at least 3 frames, that the point arrangements or camera motions contained in
and it is possible to judge whether the corresponding patchibe overlap with the existing model may be degenerate. For
rigidly move together by solving for the structure and motioexample, the new patches indicated by the horizontal bar in
parameters and measuring as before the mean-squareadistaig. 3(c) may contain nearly coplanar points, preventing th
in pixels between the predicted and measured values of tlediable estimation of the camera matrix associated witlt th
vectorsc; , hjj , andvj . row. Our strategy of adding the camera or patch with the



Input: Input:
Afne or locally afne de nitions for the camera and patgh| A set of tracksT.
equations. A threshold! on the minimum number of consecutive frames {fwo
The sparse patch-view matrix containing the image measmen| overlapping tracks must share.
Sj . A threshold on reprojection error. This determines if a track
A seed model consisting of camera matridds and 3D patch | consistent with a model.
matricesB; that cover a subset of the patch-view matrix. A threshold on the minimum number of tracks in a component.
Output: A model covering a maximal subset of the patch-vjevDutput: A set of rigid groups and their associated 3D mpd-
matrix, given the minimum coverage requirements for patcaed | els.

is

cameras. repeat
repeat Find the frame with the largest number of concurrent tracks
For each column of the patch-view matrix that is not yet in T. A track must appear at least in franfés +! ) to qualify.
covered by a known 3D patcB;, count the numbem; of Call the set of overlapping tracks.
image measuremeng; that reside in some row covered by a Use RANSAC to nd the largest subset of tracks @ that
known camera. are rigidly consistent: For each random pair sampled o

Similarly, for each rowi that is not yet covered by a know form a 3D model and then select all other tracks fr@rwith
camera, count the number of image measurements covered reprojection error below to form a consensus set. Keep the

=

by some known patch. largest consensus set and calCit

Add to the model the row or column that has the highest repeat
number of covered image measurements: Form a model fromC by using incremental bilinear
if a rowi is chosenthen re nement (Algorithm 1).

=

— Solve forM ; by stacking then; instances of the came ReplaceC with all tracks inT whose reprojection errg
equation associated with image measurements covered by  with respect to the model is below
known patches. until C stops growing.
else if C contains at least tracksthen
— Solve forB; by stacking them; instances of the patg Add C and its model to the output.
equation associated with image measurements coverad by T TnC.
known cameras. end if
end if until anotherC such tha{Cj cannot be formed.
Incremental bundle adjustment: Propagate the effects ef 'th - - - -
new data into the model by re-solving for all the known pasdhe Algorithm 2: Motion Segmentation.
and for all the known cameras. Alternate between cameras and
patches several times.
until no column or row remains with suf cient coverage.

Q)

o5

Algorithm 1: Incremental Bilinear Re nement. Algorithm 2 summarizes our method, which is similar in
spirit to those proposed in [45], [44]. We rst locate therfra
in the video that contains the largest number of tracks. This

|argest available Over|ap tends to limit these degenga_de prOVideS the richest evidence for the dominant motion. At al
the cases where they are inevitable, for example in a si§éages of the processing, tracks must be seen together in som
panning rapidly across a wall. minimum number! of frames (typically,! = 6) in order
Finally, let us say a word about running time. On averagt®, give high con dence that they are rigidly connected. In
build 3D models of all the components (the precise timing 3D model that has a reprojection error below a threshold
depends primarily on the number of tracks, but also on the(typically, = 1 pixel). Algorithm 2 selects the dominant
length of the shot, which can range from 150 to 600 framegjotion among the concurrent tracks using RANSAC, and then

Including tracking, the total processing time for a typisabt 9rows the associated rigid component by adding consistent
is approximately 90 minutes. tracks from anywhere in the shot until the set of tracks reach

a xed point—that is, the set no longer changes between
iterations, or it cycles through a nite number of values. If
E. Motion Segmentation the resulting rigid component is suf ciently large (typilya

We are nally ready to deal with scenes containing multipl(\é"ith = 25 tracks), then the algorithm adds it to the list of

independently moving rigid objects. This section proposggmpone_nts and deletes it from the set of free trac_ks. inall
an approach that takes advantage of multi-view constrailjilf'se algorlthm repeats from the RANSAC step. Thls process
(either af ne or locally af ne) to simultaneously identifthe stops when it is no longer able_ to collect a suf ciently large
subsets of tracks that move rigidly together and build et of tracks from somewhere in the shot.

3D models of the corresponding components. For simplicity, The algorithm builds a 3D model for each rigid component
we assume that patches moving rigidly together do so owarthe scene as an integral part of its processing. There is no
all the frames in which they are visible. Also for simpligity separate 3D modeling stage after motion segmentation. The
we do not take advantage of the fact that a single camessulting 3D model will have either an afne or projective
viewing several different rigid components has a singleoget ambiguity, depending on whether the modeling method was
intrinsic parameters. Note, however, that adding congsain af ne or locally af ne, respectively. For display purposese

the camera’s intrinsic parameters to our estimation fraarkw perform a metric upgrade using standard techniques [38], [5

is an important subject for future work. [11].



F. Results objects with only a few tracked patches. For example, cars

moving along a road in the distance may receive only ve to

In this section, we present selected snapshots of modelipg patches, and thus fall below our typical threshold.
results. In order to convey a more complete sense of theFinaIIy Table | shows a comparison of the afne and

processing and output of our proposed system, we also FﬁrovIigcally af ne projection models on rigid components seéztt

videos on our web sitehttp://www-cvr.ai.uiuc. from three different scenes. For each component, the table
edu/ponce _grp/research/3d lists its average residual and its size as a count of cameras
_Figure 4 shows the results of a laboratory experiment usiggg patches. We have found that the locally afne model
videos of stuffed animals, processed with the af ne prof@tt generally produces lower reprojection errors, and for esen
model. The rst row shows a segmentation experiment whe{, signi cant perspective effects, such as the train scen
the head of a bear is moved by hand independently from Lola and the van scene fro@roundhogit also results in
its body. The head is found as one segment, and the bagyer, higher-quality components encompassing more @sne
as another. The second row of Fig. 4 shows a segmentatigy patches. However, as a more expressive model with a
experiment using the bear and a dog rotating independenflitger number of parameters, the locally af ne model will
but with similar speeds and axes of rotation. The bear gsnq to over t and produce lower-quality results in scenétw
found as one component and the dog is broken up into tWagligible depth scaling, such as the bear-dog video fraen th
components. The dog is a relatively at object with narrowecond row of Fig. 4. Without the stricter constraints sigapl
e_nds, leaving little overlap between the features on the W9 the global af ne assumption, the segmentation algorithm
sides, and the break between the two components occurs Whg{ls to group together patches from both the bear and the dog

the viewpoint moves from one side to the other. The numbgsysing a poorer bear component consisting of fewer patches
of components found by our algorithm for this scene varigg,q cameras.

depending on the settings of implementation parameteis suc

as!, and . A detailed evaluation of the effect of these an{d Scene / component | Model Residual | Cameras[ Patches
i Bear-dog video af ne 0.3092 150 2661
Oth?r parameters can be found 0'?‘ our web Slte_' / bear component locally af ne 0.2133 133 2168
Fig. 5 shows results of segmenting and modeling shots fr@mioz train scene afne 03972 577 1400
the moviesRun Lola Runand Groundhog Day processed | / background locally afne | 0.2517 288 1833
using the locally af ne projection model. The rst row showg Groundhogvan scene) afne 04370 ) 83 347
. / van component locally af ne 0.3619 20 474

a scene fromRun Lola Runwhere a train passes overhead: ABLE |

The detected components are the the train and the background
(Lola herself is omitted because she is non-rigid). The seco COMPARISON OF AFFINE AND LOCALLY AFFINE PROJECTION MODELS
row shows a corner scene from the same movie. The two
rigid components are the car and the 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 the highway and is also found as a
component. Our goal in this section is to demonstrate the ability to
Our motion segmentation algorithm uses conservativeeasure the similarity between shots by comparing 3D models
thresholds for determining whether tracks are rigidly coref their rigid components. This ability could serve as a asi
nected (i.e., the tracks must be seen together for a fairlg lofor a video retrieval system, which can search for shots
time and with a low reprojection error). This helps to removeontaining a “query” object or scene, or for a clustering
outliers and achieve accurate reconstructions even ircdlif system, which can automatically extract objects and looati
shots, but also tends to over-segment objects whose tratfiat occur repeatedly in the collection of shots.
have insuf cient overlap because of rapid camera or objectFor the purposes of our recognition experiments, it is usefu
motion. One example of this behavior is the over-segmanntatito have video with multiple repetitions of a similar scenbeT
of the dog from the the bear-dog video of Fig. 4, as discussewvie Run Lola Rurcontains three repetitions of roughly the
above. Another example is the corner shot fr®an Lola same plot sequence, with slight variations (Fig. 6). Fos thi
Run (Fig. 5), which contains a rapid camera pan that cause®vie, we use the shot segmentation provided by the VIBES
most of the scene patches to traverse the entire length of fhieject [4]. Another Im with a suitable narrative structuis
image in the number of frames that is close to the overl&oundhog DayWe determined the shots f@roundhog Day
threshold. In addition, all those patches also fall on algeaiby hand, with some help from Josef Sivic.
planar surface, making it very dif cult to obtain an accwat As stated above, our approach to shot matching is to form
model. Thus, our method breaks the background of this si8® models of both shots and compare the models directly
into several components. It must be noted, however, that ovim 3D. An advantage of this approach over frame-to-frame
segmenting a scene typically does not pose a problem for t@mmparison in 2D is that the representations to be compared
shot matching tasks discussed in the next section, since the., 3D models) are very compact. In our system, most of
3D models can be matched independently. Finally, becauke computation takes place during the modeling stage, and
our method places a conservative threshold on the minimuhe comparison stage is relatively rapid. Furthermorengsi
number of tracks in a component, it tends to eliminate sm&D models for matching allows us to take advantage of the

IV. RECOGNITION



Fig. 4. Segmentation and modeling of two lab videos. Top row: thedhafathe bear moves independently from its body. Second row:
the bear and the dog are rotating independently. Left: semtative frames from each video. Middle: patches detdotélae corresponding
frames color-coded by their motion component. Right: rggmtions of the estimated models for each component, sodex by black
frames. Bottom: bear model constructed from the bear-ddgoyialong with the recovered cameras.

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

strongest possible geometric constraints on the struetnde
motion in the shot.

the process by incorporating ef cient indexing technigues
Algorithm 3 gives the procedure for matching between the
guery model and a given component, called the “test model” in
the sequel. The matching procedure, whose implementation i
described in detail in the following section, once agairidsii
on ideas of RANSAC to seek a maximal set of consistent
matches between two sets of surface patches.

A. Matching Procedure

Step 1 of Algorithm 3 reduces the practical cost of the
search through the space of all possible matches by focusing
on the matches that have high appearance similarity, and are
therefore more likely to be correct. Note that appearanmeeal
is not suf cient to establish the set of correct matchesgose
nothing prevents two different surface patches from logkin

We formulate shot matching as the following recognitiothe same, especially for objects that lack distinctive uest
problem: Given a “query” in the form of a single rigid 3Dor are covered by a repetitive pattern. Therefore, we will
model, return all shots from a database that contain a glosalso require Step 2 to establish the geometric consisteficy o
matching component. In our prototype implementation, theatches.
system compares the query object to each component in th&Ve describe the appearance of surface patches using color

database, though it would be straightforward to speed

bpstograms and SIFT descriptors [59]. Color acts as aralniti



Fig. 5. Segmentation and modeling of shots from movies. Top rovin tsaene fromRun Lola Run Second row: corner scene froRun
Lola Run Third row: van scene frongroundhog Day The display format of the shots is similar to that of Fig. 4t®m: reprojection of
the 3D model of the van. Note that the viewpoint of the repriogam is signi cantly different than any in the original soe

Iter on potential matches, giving greater con dence to the
monochrome similarity measured by SIFT. We work with the

= ¥ kY

ARAEE YUV color space, where intensity is (mostly) o_rthogonal to

v e chroma. We retain only the chroma component, i.e., the U and
V values, and build 40 10two-dimensional histogram. Two

SRR ; X .
color histograms andg are compared with the symmetrié

= [# distance, de ned as

FIALK > X h: )2

NNz N 2(h; g) = ﬂ;
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whereh; andg; are corresponding bins in the two histograms,

f .. . . .
the bear, along with the corresponding SIFT and color desos. ag?(;l lterates .t?]v%r ;h.e bins. TfhetreSL:Ithg \(/jaI;e IS In tlhte
The values of the eight orientation bins associated witth esgpatial [0; 2] range, wi €ing a periect maich an a compiete

bin are depicted by the lengths of lines radiating from theteeof Mismatch. All matches yielding a score above a threshold of
that spatial bin. Each color histogram appears as a grid e  0:1 are rejected, and all remaining matches go through another
blocks, where the brightness of a block mdncatei the wedghthat  round of selection based on their SIFT descriptors. The SIFT
color. If a bin has zero weight, it appears as 50% gray for #i&s gescriptor [59] of a normalized (square) patch consists of
of readability. . h . .
gradient orientation histograms computed at each locaifon
a4 4 grid (Fig. 7). The gradient directions are quantized

Fig. 7. Two (recti ed) matching patches found in two images o



Input: Two sets of patches andB.
Output: AsetC A B of consistent matches.
Step 1: Appearance-based selection of potential matches.
Initialize the set of matchdgl by nding patch pairs fromA B
with high appearance similarity.
Step 2: Robust estimation.
Apply robust estimation to nd a sea€ M of geometrically
consistent matches.
Step 3: Geometry-based addition of matches.
repeat
repeat
Estimate a registering transformati@n using C.

Q.
until C stops changing.
Re-estimate usingC.
Add more putative matches td using Q as a guide. Ne
matches must also satisfy relaxed appearance constraints,
until M stops changing.

ReplaceC with all matches inM that are consistent with

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

into eight bins, resulting in 128-dimensional feature vest

These vectors are scaled to unit norm and comparedpusing

Euclidean distance, with resulting values in the raf@e 2].
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have shown that an af ne registration provides better tssul
even when one or both models were originally computed using
the locally af ne camera model, and thus contain an intansi
projective ambiguity. Af ne registration is more robustaigst
noise due to differences in the recovered patches between th
two models, and against degeneracies (e.g., coplanarspoint
Lowe [60] makes a similar observation in the context of
aligning 2D models. To achieve even greater robustness, we
reject matching hypotheses that grossly distort models in
order to register them. Distortion is measured by checking
the condition number and skew &f.

Step 3 of Algorithm 3 explores the remainder of the search
space, seeking to maximize the number of geometrically
consistent matches between the models. Having a larger
number of matches improves the estimate of the registration
transformation, and also leads to a higher con dence saure f
matching, as explained at the end of this section. Enlar@ing
proceeds by iterating between two phases. First, we adil to
all putative matches currently iM that are consistent with
C. Second, we enlargh! itself by adding pairs of patches
inat may have been initially Itered out by the appearance
similarity constraints, but that are still consistent wite

For a given patch in the query model, we then select the dlosestablished geometric relationship between the two models
K patches in the test model that have also passed the céhpeci cally, we use the registering transformation betwéee
histogram test. The value & is chosen adaptively (see [5]),two models to map the patches from the test model onto the

and is typically5 to 10 in the implementation.

guery model. We then pair up each patch in the query model

Step 2 of Algorithm 3 uses RANSAC to nd a geometricallywith a xed number of nearest patches from the test model,
consistent subset among the most promising match hypotasd add the resulting pairs id .

ses. Our assumption is that the largest such consistent seédur

nal measure of matching quality is theepeat

will contain mostly true matches. The number of RANSAQCate [61], de ned as follows:

iterations is chosen &(M )+ zS(M ), whereE(M) = w "

is the expected rbumber of iterations required to get one good
sample,S(M)= "1 w"=w" is its standard deviatiorz, is

the desired number of standard deviations (typicallynd)s wherejCj is the number of trusted matches, gAd andjBj

the number of random samples needed to form a model gae the numbers of 3D patches in the respective components.
least 2), andw is the estimated inlier rate (typically=K). The repeat rate can range from 0 to 1, where 0 means nothing
The geometric consistency of a candidate €efs judged matches and 1 means everything matches.

by measuring the error of the registering transformatipn
between the two sets of patches it puts in correspondente. be Result

P=[HV C]andP®=[H°V°CY be a corresponding == ~c>!'S

pair of 3D patches irC (speci cally, P belongs to the query We have applied the method described in Section Il to

model andP° belongs to the test model). The error betweelie construction of models of various shots, and assembled

_ e
min(jAj;BJ)

the two registered patches is measured as follows:

dist(P; P9 = kP_QP

these into a small database. Frétun Lola Runwe collected
six scenes, each appearing three times, for a total of 18
shots. FromGroundhog Daywe collected two shots of the

det(HV IT[HV )** van. We also collected six lab shots covering the following

The denominator of this expression is the characteristtescobjects: a stuffed bear, a stuffed dog, and a cell phone. To
of the query patch in 3D. Empirically, patches of larger scademonstrate that our matching procedure can work seaylessl
have less certain localization, and so should have a mavéh models created from still images, we also included a
relaxed distance measure. The overall error associatbdigt model of the stuffed bear made from 20 photographs with
candidate se€ is de ned by the root mean squared distancéesolution2272 1704 The database contains 27 shots, with

between the respective patches in the registered models: @ total of 78 rigid components or models. Figs. 8 and 9 show

¥ a complete gallery of shots in the database. Next, we seélecte
error(C) = H 1 dist(P: PO)Z' a set of ten “query” models by taking one representative of
j (PPO2C ' ' each scene or object that appears in the shots. Each query

was then compared to every model in the database (excluding
In principle, the most general form of the registering transnodels originating from the same shot as the query itsef), f
formation for our models is projective. However, our testa total of 754 model-to-model comparisons. The running time
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of this test was 347 minutes (27.6 seconds per comparisonagood illustration of the multiple challenges and sources o
average). Finally, ground truth data was obtained by méayuadlif culty inherent in the modeling and matching processes.
identifying all database models matching each query.

As described in the previous section, the outcome of each V. DiscussioN
comparison is controlled by setting a threshold on the repeaThis article has presented a new approach to video modeling
rate. The results are shown in Fig. 10 in the form of a RO®@ith an application to shot matching. We have demonstrated
curve plotting true-positive rate against false-positiate for an implemented system consisting of multiple components,
various choices of this threshold. The equal error rate the including a representation of 3D objects in terms of small
true-positive rate that is equal to one minus the falsetpesi planar patches tangent to their surfaces, an algorithm for
rate) in Fig. 10 is approximately 0.833. The correspondirggmultaneously segmenting tracked features and coniteuct
repeat rate i€:07, indicating the dif culty of nding exactly 3D models of rigid components, and a method for match-
the same patch in two different videos of an object. Like aihg such models using both geometry and appearance. Each
methods based on keypoint extraction, ours is limited by tll@mponent of our implementation has been carefully designe
repeatability of feature detection. Moreover, because wf oto cope with dif cult real-world imaging conditions, and to
strong reliance on 3D geometric constraints, it is impdrtaachieve a proper balance between the con icting requirésen
that a detector not only nds features of similar appearancef robustness to outliers and invariance to signi cant des

but also localizes them accurately. in surface appearance. The experiments presented in this
article, particularly the ones using the Ini®&un Lola Rurand
False Positive Rate Groundhog Day show the promise of our method to support
1P 0% as 048 % 2 video indexing and retrieval. It is important to emphasize
0.9} 1216 that commercial Ims are particularly challenging for SFM

T192 methods, since their shots frequently have very little came
" motion, or camera motion that is nearly degenerate. Engbiric
observation suggests that in such cases the structure of the
shot models output by our system degenerates to planarity,
but since information about local appearance is presemved i
our patch-based representation, the resulting modelstdan s
be matched using the techniques of Section IV. Signi cant
las perspective effects, such as foreshortening, are alsodrety
present in Im shots, but these can be handled successfully
‘ ‘ ‘ ‘ . using our novel locally af ne projection model.
0 g6 | 752 M128 1504 188 Let us close by sketching several directions for improveimen
of the current method. First of all, the feature extraction a
Fig. 10. ROC curve (true positive rate vs. false positive rate) fer thtracking system could be made more robust by including sev-
matching test consisting of 754 model-to-model compasison eral complementary methods for generating af ne-covarian
patches. Our present implementation depends in large part
Figure 11 shows four examples of correctly matched modn corner-like Harris-af ne interest points [48], whichteh
els, together with the repeat rates for each. Figure 11@ysh fall across object boundaries, and therefore cannot b&edac
the results of matching a query bear model obtained frostably. The Hessian regions it uses are less likely to fall on
still images to a test model derived from the bear-dog videsmlges. However, our system would bene t from the inclusion,
(Fig. 4). Since the still images have much higher resolutidor instance, of maximally stable extremal regions [62]jahh
and sharpness than the video, the scale of the patchesaii@ generally detected on relatively “ at” regions of an ettjs
the query model is generally smaller than that in the testirface. Furthermore, some 3D objects are not amenable to
model. This explains the somewhat low repeat ratd:d4f3 representation by planar patches, for example, lamp posts
in this case. Fig. 11(b) shows a match between models oba wires of a suspension bridge. In such cases, a hybrid
cell phone derived from two lab videos. Note that the ceflystem that models point, edge, and planar features would
phone is a dif cult object to model using our method, sincbe more suitable. To improve computational ef ciency, our
its re ectance is highly non-Lambertian and view-dependerproposed modeling and recognition techniques can be easily
Despite large specularities that make tracking and magchimtegrated with modern indexing schemes, such as locality
dif cult, our method still nds a relatively high number of sensitive hashing [63] and inverted le structures for doeunt
stable appearance-based matches (the repeat fa82jand a retrieval [18]. It is also important to improve the stalyiland
valid geometric correspondence between the two models. THobustness of our procedures for estimating camera pagasnet
train scene in Fig. 11(c) is the best-quality match of ther foand 3D scene structure. This can be achieved, for example, by
examples, with the highest repeat ratéddf2. By contrast, the incorporating constraints on the cameras' intrinsic partars,
street scene in Fig. 11(d) is the poorest-quality matchngwias mentioned in Section IlI-E. Finally, many interestingeals
to drastic perspective effects in the video. Several feathave are non-rigid, the prime example being human actors. Thus, a
been matched incorrectly, some of which can be seen in tingportant future research direction is extending our appio
right part of the gure. Overall, these four examples pravidto deal with non-rigid, articulated objects.
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Fig. 8. Gallery of shot models (part 1). Each shot appears as a panages: The image on the left shows a frame of the originatojid
and the image on the right consists of a grayed-out versiohefideo frame and a reprojection of the 3D model, with baumdoxes
around individual rigid components.



Fig. 9. Gallery of shot models (part 2).
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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 tghot. Middle: the query model reprojected into the tedewi Right:
the query model matched to the test model. For ease of visti@in, the gure includes several distinct markers idgimig corresponding
patches.

APPENDIX: FINDING DENSEBLOCKS largest dense block, we factorize it. The resulting model
provides a starting point for incremental bilinear re name
The incremental bilinear re nement algorithm (Section lllwhich gradually adds all the other tracks to the model.
D) requires the factorization of one dense subset of the
patch-view matrix in order to initialize the SFM estimation ACKNOWLEDGMENTS
procedure. This dense subset should be as large as possibléhis research was partially supported by the UIUC Cam-
to give good estimates. The general problem of nding dengeis Research Board, by the National Science Foundation
blocks in a matrix is equivalent to nding maximal cliques inunder grants IRI 99-0709, IIS 03-12438, and 1S 03-08087,
a graph, and is therefore NP-hard. However, since tracks &ethe CNRS-UIUC Research Collaboration Agreements, by
contiguous, the patch-view matrix is equivalent toiarerval the European FET-open project VIBES, and by the UIUC-
graph for which this problem admits a simpler solution [64]Toyota collaboration for 3D object modeling, recognitiarda
An interval graph is one in which each vertex representsctassi cation from photographs. The authors would alse lik
contiguous range (such as intervals on the real line) and ede thank Josef Sivic for providing a shot segmentation of
edge represents an overlap between two ranges. In our c&®undhog Dayand Jeff Erickson for helpful discussions on
each vertex corresponds to the unbroken sequence of viémterval graphs.
in which a surface patch appears, and each edge corresponds
to the sequence of views where two given surface patches are
both visible. A clique (that is, a fully connected subsethu t [ S--F. Chang, W. Chen, H. J. Meng, H. Sundaram, and D. Zfnfylly
. . ) . . automated content-based video search engine supporttigtemporal

Vemces) in the graph 1S equwalent to a dense block. Makima queries,”IEEE Transactions on Circuits and Systems for Video Teehnol
cligues in interval graphs can be found in polylogarithmic ogy, vol. 8, no. 5, pp. 602615, September 1998.

time, rather than NP time as required for the general cage [642] R- Fablet and P. Bouthemy, “Spatio-temporal segmatiagind general
motion characterization for video indexing and retriévial,10th DELOS

A!gorithm 4, inspimd by [64], enumerates all the_maXimal Workshop on Audio-Visual Digital LibrariesSantorini, Greece, June
cligues/blocks with at leasNy views. After choosing the 1999.
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