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ABSTRACT

We propose a method for efficiently determining qualitatiepth maps for multiple monoscopic videos of the same scene
without explicitly solving for stereo or calibrating anytble cameras involved. By tracking a small number of featometp

and determining trajectory correspondence, it is possiblgetermine correct temporal alignment as well as establis
similarity metric for fundamental matrices relating eajectory. Modeling of matrix relations with a weighted igh

and performing Markov clustering results in a determinatt emergent depth layers for feature points. Finally, Isixe
are segmented into depth layers based upon motion simitarfeature point trajectories. Initial experimental iésare
demonstrated on stereo benchmark and consumer data.
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1. INTRODUCTION

Computer vision methods restricted to purely laboratosare like skyscrapers without elevators: intriguing, bypiac-
tical. For instance, while it is possible to precisely cédde depth maps in overlapping views given sufficient scemk a
camera information, most practical situations do not alfowsuch precision and prior knowledge. We desire a robust
method for producing depth maps for uncalibrated videoevminimizing computational expense, for application indgel
such as mobile robotics and consumer multiview imaging.

Zhanget al.! are well known for having posed a solution to precisely thisbiem, relying on epipolar constraints to
solve for intercamera and interframe motion parametersveyer, producing depth maps from their results requires firs
calibrating all inputs and then solving for pixelwise stefer rendering from capturegD geometry), a process that is
computationally expensive regardless of scene contenassuimes that temporal alignment is already solved. Lilewis
structured light approaches like those of Furukawa and Kawfalso require a large number of computations per pixel no
matter the complexity of the captured scene, and additipnedjuire specialized projection hardware. Depth-fraytfs
methods like the work of Leviet al.2 introduce additional capture constraints (as objects digeernable depth must
be located beyond the plane of maximum focus) and only gteeasorrect results with the introduction of specialized
optical equipmenti(e., coded apertures). Finally, single-camera layer meth®ds not provide a means for determining
consistent multiview depth, ignore temporal alignmenween videos, and additionally make use of extremely expensi
methods for pixel depth computatioad., pixelwise mixture-of-Gaussians fitting using Expectafidaximization), fail to
group disparate moving objects that are located at the sapth,dor make further assumptions about scene coraggnt (
piecewise constant velocity).

We propose a novel method for depth map recovery from oveirtgpvideo under minimal capture assumptions, where
computational complexity is primarily dependent upon sosmmplexity (rather than resolution) and without the dasise

of specialized hardware. By observing feature trajecsotimt appear in multiple videos (formed by salient features
undergoing unconstrained combinations of scene and cametian), we are able to determine the temporal alignment
necessary to rectify each pair of videos and to identifyuiezt that are located at approximately the same depthveslati
to the camera configuration. An extremely small number ofatations are then required to identify the depth layer that
best classifies each pixel, with this number growing lineaith the number of trajectories with a naive implemerutati
(reduced to linear growth with the number of feature depgeia upon adoption of suggested optimizations).

This paper explains the method in detail (Section 2) andgmtssnitial experimental results (Section 3) and our cesioins
(Section 4).
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2. METHOD

Processing can be divided into three stages: identifyiragching, and relating feature trajectories (Section 2ribgeling
and clustering trajectory relations using a complete weeigldigraph (Section 2.2); and finally determining pixel tthep
assignments using motion similarity with feature trajeie® (Section 2.3). The process is summarized in Figure 1.
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Fig. 1. Stages of Processing: Trajectories are identifiech fieature trackgtop left), matched across views, and studied to determine
temporal and spatial alignment parameters that best tesitreir appearance in each vi@wp right) ; spatial alignment information is
used to graphically model the pairwise relationships betwteajectoriegmiddle left), whereupon Markov Clustering is performed in
order to identify trajectories that are located in the saegthl plangmiddle right) ; pixelwise motion is approximated by color match
(bottom left) in keeping with interframe trajectory motion to determihe trajectory (and, therefore, the depth plane) that bassifles
each pixel in the final depth mgpottom right) .
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2.1 Feature trajectories

The first step toward depth map construction is the identifineand tracking of salient image features in all frames of
each input video. The method of feature detection used mpgrdkupon the realm of application (as with trained bags
of features from classification data) or aim to identify geheoints of interest (as with difference-of-Gaussianexia),
although scenario-unspecific approaches are encouragaddonstrained (consumer) video. It is important to nos th
features must be repeatably detectable in each video assvkitalizable to within one pixel (to reduce error present i
later calculations), although detection itself may be @enfed using a different method for each video; for exampie, o
input video may be captured using an infrared device whitglzgr may be captured using a visible light sensor, as long as
a number of the features detected from each view are alsotddtim the other. The number of observable depth layers in
each video is at most equal to the number of unique featuaregdhvith other videos, so it is most important that features
be as robust as possible to varying capture conditions.

Once features have been detected, their position over sirs®ied as a “feature trajectory” (a sequence of homogenous
row vectors of the fornfz, 3, 1), as in the motivating paper by Caspi and IfanThese trajectories are then matched across
views, either by feature matck.¢., small Euclidean distance between feature appearanaarsgot by curve matche(g.,



number and spacing of curvature extrema). Feature matehioigeferred, as changes in viewpoint may make curvature
identification difficult and prone to aliasing error.

Next is to determine the temporal relation between eachgbaiideos - that is, to determine the parameternd 3 such
that then-th frame of the first video corresponds temporally to then + 3)-th frame of the second video For each
trajectory, we solve the following minimization:

min([Ny], [N2])
mgmin > Filn) Fo (i) o + ) 1)
@, n=1

whereN; is the set of all integral frame indices present in the firdewi (indexed starting a), N5 is the set of all integral
frame indices present in the second video (indexed staatityy p; (n) is the position vector of the trajectory in the first
video at framen, pz(an+3) is the position vector of the trajectory in the second viddeeane(an+3), andF, 5(p1, p2)

is the fundamental matrix relating andps given frame-rate ratioc and initial offset3 to determine correspondence; the
position of the trajectory in each view at nonintegral fraeméries is found by interpolation from neighboring valiies.
and may be discretized coarsely to further reduce the cost opeimg this minimization, at the added risk of selecting
incorrect temporal parameters for some trajectories.héantore, nonexhaustive approaches such as that of Caretron
al.8 are recommended if it is feasible to assume enough stagignuémts to recover epipolar geometry.

Once each trajectory has selected its set of parameterin#h@ssignment of parametetsand 5 for the pair of videos

is found by selecting the set that is most common among thectiet trajectorie’,then discarding all trajectories that
produced other alignment parameters. At this point, feattajectories have been identified and their respectivadun
mental matrices computed (as part of determining tempdigiiraent parameters), so processing can proceed to depth
layer identification.

2.2 Depth layers from graph clustering

The second major stage of processing is to produce a modeljettory relations in order to identify natural sepanasio
into approximate depth layers. Similar to the idea of clustefeatures based on disparity in a traditional stereopset
(with a fixed baseline placed perpendicular to the cameral fays and with equal focal lengths), it is possible to @ust
feature trajectories in a general overlapping-view areangnt using their position data and the fundamental mdiek t
relates their appearance in each view. Specifically, we eeifinerror functiorrr(p, p’) for any two trajectorieg’ andp’
(appearing in at least two input videos) such that

min(|N1|, [N2[)
Err(pp)= Y lljlantB) = (Fa s, 0%) 71 (n)" [ ()

n=1

where all terms are defined as for (1). Of note is that(p, p) = 0, and that bottErr(p’, p) and Err(p, p’) are strictly
monotonically increasing with “shared depth,” where sHatepth is defined as distance along a ray that is: 1.) origipat
at the intersection of the two camera focal planes, and 2a)dimection perpendicular both to this intersection ancto t
line formed by joining their focal points.

Using this error function, then, we construct a gréptvith the following properties:

fThis parameterization makes the assumption that the frate@f each video remains constant during capture, alththegtatio of
any two frame rates is not required to heAlternate parameterizations may be substituted if captonditions should vary.

fWhile nonlinear interpolation may produce a better appration of interframe trajectory motion, linear interpatat was seen
to be sufficient for all blur-free motion in our experimentlternate interpolation methods may be substituted hepeiding upon
specific capture scenaria.

§Caspi and Irarfisuggest a “support” voting procedure instead, althougresperiments indicate that it is not feasible to determine
trajectory support in a scenario-unspecific way using timeithod. Specifically, values efused to produce correct alignment parameters
in experiments upon benchmark data varied by up to two ofersgnitude depending upon the selection of videos to gaadi. Our
use of a supportless voting scheme produced correct tehgigrament and acceptable depth map results in our iniXipeements (see
Section 3 for details), although others may choose to replawith the more computationally intensive “support” ®ystif ¢ can be
reasonably approximated with minimal additional cost.



e There is a verteX/; for each trajectory that appears in both videos
e There is a directed edge between each ordered pair of \&rimzuding self-loops

e Foralljandj, the edgeE;, » (from Vj; to Vi) has weight— 2 Zrr(7:7)*

This particular assignment of weights ensures that thegtitity density function for depth colabellihgs a Gaussian
distribution based upon our error function and having idgmovariance. While this method may lead to a reasonable
assignment of trajectories to depth layers, the use of artitgeovariance matrix is unlikely to provide a good fit fdwet
data (as it makes a strong assumption about the relative stairor readings).To rectify this problem, we perform graph
clustering to provide a better approximation of relatiiedlbassignment.

One of the most computationally simple and elegant appesatthgraph clustering is that of Markov Clustering (MCR),
performed on the adjacency matuk The intuition behind this approach is to normalize the ouis of the adjacency
matrix of G and observe natural partitions in the space of random wélpgsogessive length! Clustering is performed by
alternating the following three steps:

1. Inflation - Adjacency matrix entries are raised to a small constangpdfrequently2 for computational simplicity).
2. Expansion- The adjacency matrix is multiplied by itself to indicateinased walk length.

3. Normalization - Each column of the adjacency matrix is divided by the colisrsam.

These steps are repeated until the matrix has convergeatongeroughly idempoterit.To further reduce the computa-
tional expense of this clustering step, it is possible tatliteration to a small constant number of attempts, withraaby
threshold placed upon the resulting adjacency matrix approaimation of continued processing.

After clustering is complete, any two arbitrary trajecésrp’ and ' are considered to be in the same depth layer if
A(Vp, Vi) > 0 or if there exists an undirected path betwdgnand V (where “undirected” indicates that an edge
between arbitrary noddg andV; exists if A(V;,V;) > 0 or A(V;,V;) > 0). If quantitative depth is desired, it is now
possible to solve for stereo for a single feature from eaghrlavhether or not this has been performed, processing can
now continue to final depth map creation.

2.3 Segmentation by motion similarity

Our method is concluded by identifying a depth assignmeneézh input pixel based upon its motion and the motion
of each observed trajectory. In strictest terms, the faat shpixel appears to move identically to a given trajectamy (
a single view) does not indicate that the pixel really doescinéhe3D trajectory. In fact, there are an infinite number
of 3-dimensional trajectories that will have the samidimensional projection in the view due to projective amiiig
However, for two arbitrary trajectoriggandp’ that have been identified as being located at different depifojective
ambiguity in an input view can only occur when

vn € {L,... min(|Ny[, [N2[)} pi(n) = pi(n—1) = pi(n) = pi(n—1) 3)

fTwo trajectories are considered “colabelled” if they arasidered to be at approximately the same shared depth plignie the
bounds of computational precision. By using colabelling, ave able to identify natural emergent depth layers witlatmdducing
additional model parameters.

Hnstead ofe*%E”(ﬁ’ﬁJ)z, we also considered and tested situations where edge weigite strictly proportional td&rr (5, '),
with correct results for fixed-baseline stereo arrangesand limited repeatability otherwise. In the case of fixaddbine stereo, such
a weighting is identical to the appearance of disparityéase due to distance, as arbitrary translation is lineadjed according to
distance from the baseline.

§1n this case, “rough” idempotency occurs when the diffeeshetween the adjacency matrix afieiterations and the adjacency
matrix after(n + 1) iterations is less than a small constar(ivith this or another constant also used for thresholdirmgfital matrix).
While this threshold introduces an additional paramet&y our model, we found that it required a very small numbenefations
(typically less than ten) to produce changes of a scale iogp&ble with floating point precision.




where all terms are defined as for (1). This means that motiamyeeater depth must necessarily be of a greater magnitude
in order to match the projection of the closer motion (“degite” ambiguity). Given trajectories of significant lehgand,
more frequently, of varying direction), however, such aguiiy is uncommon as even a single frame’s variation canatlisp

it. Therefore, we make use of the matching of single-viewepiotion to trajectory motion in order to assign pixels to
depth layers quickly. Specifically, we set a pixel's deptbeléing to be the same as the trajectory whose motion it best
matches. This depth can be computed for each pixel locatlmnsolving the following minimization exhaustively:

min(|Ny], [N2|)

argmin Y [[@(@) = Eu(x + (Bi(n) — Hi(1)))]] (4)

pep n=2
where terms are defined as for (P)js the set of all trajectories from the two input vievé(z) returns the colori(e.,
pixel vector) for locatione in the first frame, and,,(z + (p1(n) — p1(1))) returns the color for locatiof + (71 (n) —
p1(1)) in then-th frame! This minimization will not work with very large homogenotegions if the number of frames
observed is small (as internal pixels may match severadtajy motions due to failed localization), although sustions
can be identified by observing pixels that have multiple freenimizing trajectories in (4). Once these regions have
been identified, their label assignment may be performeelpige by copying from a neighboring pixel (outside of the
remaining ambiguous region) that has the smallest colferéifice across all frames. Given sufficiently lengthy ttmees,
however, such label-confusion should be infrequent anidyeastified.

Further reductions in computational complexity can be tblprestricting the set to contain a smaller set of “representa-
tive” trajectorie$ from each depth layer. To make this computation even fasteglso suggest restricting the summation
to a minimal distinguishing subset of framespansinally, sampling may be performed on the space of framizaime
trajectory motions, replacing the summation in (4) with ensuation over a subset of the indices; doing so introduces the
possibility of incorrectly classifying pixels due to matiothat appear ambiguous in the sampled space, althougtioaje
sampling methods can eliminate this problem at the cost@é@tence checks. (4) is written prior to these optimization
with the number of computations still less than computingpiise stereo via epipolar geometry as long as the number of
trajectory components checked is less than the length ofilitde portion of each epipolar line.

We encourage adopters of our method to determine if furtbgtitdmap constraints (such as border smoothness or minimum
size of connected components) are necessary for theircafipls, and to compare their results against those in tkie ne
section.

3. RESULTS

Initial experiments were performed against short videoslipced with frames from thEsukuba datasefi’ and the Middle-
bury Aloe datasé? as well as sample “consumer” videos we produced, where tireatspatial and temporal alignment
of the two views was known throughout. Resolution was séBatby 288 pixels for novel videos and50 by 640 pixels
for benchmark videos, with frame rates se8@ofps. Frame offset was varied over each experiment in ordeotérm all
observations.

Given a reasonable approximation of the capture geomeityulable via a variety of well-established methods, itdsgible to
introduce a second term in (4) to capture the matching ofl ppagion in both views rather than just the first. This addsgmi$icant
computational overhead (likely to swamp the other benefitsuo method), although it ensures that all trajectory mesctvill be
guaranteed unambiguous if the two views are not parallel.

f|deally, near-identical trajectories should be culledhireach layer (so as to maximize the information present inrtbtion vari-
ations from frame to frame). Identifying the optimal subsgtrajectories, however, would introduce an unacceptablaputational
penalty, although reasonable approximations based onmajeregectory propertiese(g., piecewise average direction) are possible.

$Rather than searching for motion similarity between eadhgbérames, only a small number of these framespans arlymeatéded,
as they indicate the highest-magnitude variations betwegctories. As with selecting representative trajéegmhowever, the process
of identifying important framespans may prove too compaiglly expensive (although approximations may provectifie).

" The Tsukuba stereo benchmark dataset, produced by the University dfubsu(Tsukuba, Ibaraki Prefecture, Japan), comprises a
series of static images taken at fixed horizontal displacésnaith all other camera parameters (including resolutind focal length)
remaining fixed. Two videos were created by assigning leftesd images as frames in the first view and right-shifteeges as frames
in the second view, with unambiguous nonzero aperiodicondfrigure 4).



Fig. 2. Tsukuba Depth Map Results: an original frame is shown h@op), along with its calculated qualitative depth m@piddle)
and ground truth(bottom). Incorrect pixel classification along the right portionstbé statue and lamp fixture are due to motion
confusion arising from homogenous coloration and smatdirmotion. White pixels indicate regions where motion &otly ambiguous
between foreground and background trajectories. Thesgasnssfications and ambiguities would be dismissed by thsqurce of longer
trajectories (thereby making the projective differenceenwticeable) or nonparallel motion (thereby making piratching less prone
to aliasing and problems arising from color homogeneity).



Fig. 3. Aloe Depth Map Results: an original frame is shown h@op), along with its calculated qualitative depth m@piddle) and
ground truth(bottom). White pixels, as in Figure 2, represent those regions wiagex assignment is exactly ambiguous. Incorrect la-
beling due to color homogeneity, as noted with Tisekuba dataset, is made much worse by miniscule purely-horizaatalera motion,
MPEG artifacting, and the presence of repeating textusailtiag in poorer trajectory availability due to featuragqueness constraints).
We suggest the use of traditional stereo approaches undeicseumstances, as depth map quality is significantly akent.
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Fig. 4. Video Construction: still images from tfisukuba andAloe image datasets, taken in parallel directions at known ioeatand
with constant fixed distance between consecutive positiwase used to produce stereo videos with fixed baseline aimdjle ®ptimal
temporal alignment. For one such video, the plot of camesitipa over time is shown above.

Figure 2 illustrates features from two depth layers in a #daken from th@sukuba dataset as well as an example of how
the final depth map compares to the input data. Labeling neiatributed to poor motion matching due to nearly (but
not completely) color-homogeneous regions and the absermeenparallel scene motion. Similar results are shown for
the Aloe dataset in Figure 3, and the construction of the videos use#plained in Figure 4. Finally, Figure 5 provides
an example of depth layer identification in low-resoluti@msumer video, where all foreground objedéts.(the person’s
hand, the pen, the small pendulum) are identified as belgrigia foreground depth layer.

A variety of modern feature detection methods were implesgfor trajectory detection. The SIFT appro&tfwith
difference-of-Gaussians keypoint detector and weightedlldescriptor) produced the largest number of repegthble
calizable, cross-view features (approximat&ly) features pefsukuba or Aloe frame, with approximately50 matched
trajectories for one-second videos), although the Haxfise'* and SURE® methods also produced a reasonable number
of features. We attempted to remove tfeNN” ratio restriction (in order to increase the number ofeaéed features)
without introducing the low-velocity assumption neceggar compensatory local searéhalthough all attempts resulted

in an unacceptably high number of trajectory mismatchessageneral failure to identify correct temporal alignment pa
rameters, so the restriction was included for all of our expents. These findings were repeatable for a small number
of consumer videos with restricted capture conditiares, (static or free-moving camera, static background, onerteeth
moving foreground objects), although videos with fast caarmaotion or large numbers of small moving objecsg)(
spilling marbles) frequently did not produce enough mabdddrajectories for our method due to motion blur or ambi-
guity of coloration in cluttered areas. These problemsadel eliminated by making use of capture devices with higher
spatiotemporal resolution and improved temporal aliasing

As stated before, the number of simple algebraic computstiequired for processing varies strongly with scene com-
plexity, with the fundamental matrices (used to relateetttjries between views) already necessarily calculatethéo
determination of temporal alignment. Markov Clustering lita complexity tied to adjacency matrix multiplicatiom, s
the number of computations performed to achieve emergget ldentification is (with a naive implementation) culic i
the number of trajectories, typically negligible compatedhe fundamental matrix determination itself despite |tve
overhead of computing the eight variable values for eachimasing modern methods. Each final pixel assignment is
linear in the number of trajectories (reduced to the numbkyers if representative trajectories are used) and thebeau

of frames that they span; as noted before, this is nearlyyahess than for pixelwise stereo computation and less prone
to appearance ambiguity given trajectories of sufficiength. These relations were confirmed in our studies on real da
for experiments involving videos taken from the featuighiisukuba dataset, time spent identifying temporal parameters
and performing graph clustering was approximately eighes that spent on the same tasks for the feature-poor consume
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Fig. 5. Depth Layers in a Simple Consumer Video: A foregrodegth layer is determined infasecond novel consumer video using
our method, where two cameras were used with arbitr@fyto 15° angles for relative pan and tilt and fixéd cm separation. Camera
motion was performed by sliding the camera rig along a roagingy desk at variable speed, while scene motion includedrayig
pendulum and a pen being held steady at a closer depth. Atesg:litame from the input video is show(top), along with the corre-
sponding foreground pixel assignmémntiddle) and ground trutifbottom); black pixels correspond to sections that have been labeled
as foreground, while white pixels correspond to backgrounde misassignment of the desk creases is due to incorreatization
when performing motion matching with the pen’s trajectampére motion is almost exactly horizontal). Additionalanect labelings

are due to lighting effect®(g., shadowing, specularity, translucence) and are not aslefildsy our method.



videos depicted in Figure 5, where (on average) twice as ffeatyres were detected in tiisukuba videos. Additionally,
the ratio of time spent on other complexity-dependent tdsks feature tracking, final pixel assignment) was directly
proportional to the ratio of features detected, while canijpy-independent tasks.€., initial feature detection) remained
approximately constant as well as stayed negligible whempeoed to the complexity-dependent work.

4. CONCLUSIONS

Initial results indicate that our method is indeed sucagssfidentifying qualitative depth layers in uncalibratedltiview
video, albeit with significant noise when trajectories ao¢ sufficiently lengthy and trending towards misclassifmat
when scene motion is purely parallel and color-homogenesgisns are uncompensated; future results will rigorously
analyze the effect of increasing trajectory length and imarynotion direction for benchmark and novel datasets. Com-
putational complexity (unlike many methods in the literaus primarily dependent upon scene complexity due to the
number of feature trajectories tracked, with a number ohoigations available for consideration.
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