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Abstract

This paper addresses the problem of extracting depth
information of non-rigid dynamic 3D scenes from multiple
synchronized video streams. Three main issues are discussed
in this context: (i) temporally consistent depth estimation,
(if) sharp depth discontinuity estimation around object
boundaries, and (iii) enforcement of the global visibility
constraint. We present a framework in which the scene is
modeled as a collection of 3D piecewise planar surface
patches induced by color based image segmentation. This
representation is continuously estimated using an
incremental formulation in which the 3D geometric, motion,
and global visibility constraints are enforced over space and
time. The proposed algorithm optimizes a cost function that
incorporates the spatial color consistency constraint and a
smooth scene motion model.

1 Introduction

The problem of recovering depth information using images
captured simultaneously from multiple viewpoints has been
extensively studied in the past. In recent years, with
advances in computing and imaging technologies, capturing
multiple synchronized high quality video streams has
become easier, and the problem of recovering depth maps of
dynamic scenes using synchronized capture has received
increasing attention [Vedula99, Zhang99, Carceroni01]. This
problem is termed dynamic depth recovery in this paper. It
can be considered as an extension of the traditional stereo
computation problem where the depth solution should make
images consistent not only across multiple views, but aso
across different time instants.

A straightforward approach for dynamic depth recovery isto
apply a standard stereo estimation algorithm at each time
instant. A comprehensive survey on early stereo algorithms
can be found in [Dhond89] while a short list of newer
algorithms consists of [Belhumeur96, Roy98, Boykov99,
Kutulakos99, Szeliski99, Lhuillier00, Zhang00, Tao00]. The
principle underlying these algorithms is to find a depth
solution that optimizes an image match measure across
views. We call this measure spatial match measure.
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However, this straightforward solution ignores two new
constraints present in multi-view image sequences.

The first constraint encodes the geometric relationship
between the 3D motion of a scene point and its 2D
projections in multiple synchronized images. This
relationship, which is called the scene flow constraint, has
been investigated in [Vedula99, Zhang99]. By applying this
constraint, temporal 2D image correspondences can be used
to infer 3D scene motion and therefore, constrain the depth
information over time. To successfully apply scene flow
congtraint directly in depth estimation, the accuracy of the
optical flow is crucia since the effect of unreliable flow at
object boundaries and in untextured regions will propagate
into the fina depth map. More reliable results may be
obtained by estimating parametric motion models in local
image regions [Zhang99].

The second constraint arises from the observation that
objects in the scene usualy deform or move smoothly.
Applying this constraint helps to obtain temporally
consistent depth solutions and to eliminate ambiguities that
usually can not be easily resolved at any single time instant.
Rigid [Zhang92, Adiv85, Y oung90, Hanna93] and non-rigid
parametric motion models [Zhang99] have been employed in
previous work. Local parametric motion models can also be
estimated for scenes with arbitrary non-rigid motions
[Carceroni01].

This paper proposes a dynamic depth recovery method in
which a scene representation that consists of piecewise
planar surface patches is estimated within an incremental
formulation. Such a representation can be derived based on
color segmentation of input images. The proposed
formulation integrates constraints on geometry, motion, and
visibility over both space and time. More specifically, the
scene surface corresponding to each homogeneous color
region in the image is modeled as a 3D plane. The motion of
this plane is described using a constant velocity model. The
spatial match measure and the scene flow constraint for this
representation is investigated. Based on the observation that
the spatial match measure depends only on the out-of-plane
motion of each planar surface, a dynamic depth recovery
algorithm is developed. The proposed method enforces the
motion model without explicitly using the scene flow
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constraint and therefore avoids the propagation of the errors
in optical flow computation to depth estimation. The global
matching framework proposed in [Tao00] is adopted for
enforcing the visibility constraint and also for initiaizing
and refining the depth solution. As a result, the visibility
congtraint is enforced both across different views and over
different time instants.

2 Multi-view depth recovery of dynamic
scenes

Figure 1 illustrates the configuration of a multi-camera video
capture system. Without loss of generality, we will first
develop the formulation for the motion of a single planar
structure. The formulation can then be directly applied to
handle a piecewise planar scene description. We assume that
both the intrinsic and extrinsic parameters of the cameras are
known. The camera extrinsic parameters, namely the
positions and orientations of the cameras, are represented
with respect to the camera coordinate system of a reference
view. The planar scene surfaces are also represented in this
coordinate system. The calibration matrices of the M +1
cameras are K,,,v=0,...,M . The rotation and translation

par (Ry,Ty) =(1,0) represents the camera pose for the
reference camera O and the pair (R,,T,) represents the pose
of the inspection cameras v1 {1,...,M} . For time instant t,

only the depth map in the reference view is estimated. In our
representation, each of the S homogeneous color segments
in the reference view corresponds to a planar surface in the
world. Therefore, the depth map can be derived from the
plane parameters y ¢ o =[Ng;0,ds1 0], ST [L...,S], where

Nsto iSthe normal vector of the plane surface in segment s
at time instant t and dg,, is the distance of that plane to
the reference camera center.
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Figure 1. Dynamic depth recovery: synchronized image
sequences of a dynamic scene are captured from multiple
viewpoints.

At any given time instant, relating multiple views of a scene
plane leads to the spatial matching constraint. Matched
image points on the same scene plane across these views

over-constrain the plane's geometry. On the other hand,
relating multiple views of a scene plane over time leads to
the planar scene flow constraint. Matched image points on
the same scene plane over time over-constrain the plane's 3D
motion and in turn its geometry. The goal of the dynamic
depth recovery agorithm is to find a piecewise planar depth
map that optimizes a spatial match measure and a temporal
match measure subject to a motion smoothness prior.

2.1 Spatial match measure

Adopting the global matching framework [Tao00], a match
measure is computed as a function of the difference between
the real inspection views and the inspection views predicted
based on the reference image and its depth map. Prediction
is done by depth based forward warping in which the global
visibility is handled using z-buffering. The warping function
for each segment is a homography determined by its plane
parameters. More specifically, at time instant t, for the

reference view 1,,, and the inspection view I,
v=1...,M , the globa match measureis
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where E(I st,0’ It,v) = g(lt,v ’ fwarp(l st,0 Hs,t,0® s,t,v)) ’ and
g() isthe sum of squared differences function. It should be

noticed that only pixels visible in the inspection views are
considered. For segment s, the forward warping function

fwarp() warps the image of the segment 1, , to inspection
view v through a homography Hg; oes;, induced by the
plane model. This homography can be computed as
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where Ry, and Ty, are the relative rotation and

translation between view 0 and view v. This homography is
determined only by the normal vector of the plane and the
distance of the plane from the camera center. Therefore, it is
only affected by out-of-plane motions since an in-plane
motion leaves the plane normal and the distance unchanged.

2.2 Sceneflow constraint

The scene flow constraint relates the 3D motion of a plane
and the resulting 2D optica flow fields or image
correspondences. Let the plane of segment s undergo a
motion described by the rotation/trandation pair
(Rstot+1, Tstot+1) - Theimage projections of the plane in the

reference view between times t and t+1 are related by the
homography:
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Also, the homography between the reference view at time
tandview v attime t +1 isgiven by

Hstoest+in = Hstne stnHstoe stn (4)

where the first term is the homography in view v for
segment s between the two time instants, which can be
computed using (3) in the camera coordinate system of view
v. The second term is the spatial homography defined in the
previous section.

The temporal match measure Efs of the segment s induced
by the 3D motion of the plane can now be written as
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This function computes the match measure between view 0
and v before and after the motion. Note that the temporal
homography constraint for just one view is sufficient to
solve for the planar motion parameters. Therefore the above
error function over-constrains motion parameters of the
plane. It is aso clear that the tempora match measure is
affected both by in-plane and out-of-plane mations.

2.3 Motion smoothness constraint

Various motion models such as a constant velocity model or
a constant acceleration model can be employed to constrain
the depth estimation process. We adopt a constant
rotational/trand ational velocity model in the local coordinate
system of each segment. This coordinate system is obtained
by trandating the origin of the reference camera coordinate
system to the point on the plane that corresponds to the
centroid of the image segment. Using an instantaneous
motion formulation, in the Appendix, we show that this
model induces constant velocities in the normal vector n

and the plane distance d also. In other words, constant
velocity model of for the motion of the plane results in a
constant velocity model for its out-of-plane motion
parameters. Deviations from this model are penalized
through a motion smoothness cost function, which is
integrated in the depth estimation process. For segment s,
the cost function is:
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where k isthe weight for the second term, and d is asmall
positive number for avoiding overflow in division. The in-
plane motion smoothness measure E; can also be

formulated. However, since it will not be used in the
proposed a gorithm, the result will not be shown here.

 (6)
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2.4 Batch formulation and incremental

estimation

With the above geometric constraints and the motion model
defined, estimating the depth maps from time 1 to T is
equivalent to finding the plane parameters that minimize the
cost function
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where the constants a,b,¢,| T [0] are the weights of each

term. Idedly, al the terms in the above function should be
utilized for finding the optimal depth maps. However, the
second term, i.e., the scene flow constraint, relies on the
homographies over time which in turn depends on the
accuracy of flow or piecewise parametric motion estimation.
It may become unreliable for untextured regions or segments
with small spatial support. Therefore, for the algorithm in
this paper, we do not use the second term and rely only on
the spatial match measure and the temporal smoothness of
motion to compute the depth maps. The in-plane motion
smoothness term E; is also dropped for the same reason. In

this mode, motion estimates in terms of optical flow are still
utilized but only for the purpose of establishing temporal
correspondences between pixels or segments. This
correspondence is subsequently employed to predict planar
parameters using the motion smoothness constraint. Such a
simplification lowers the requirement for the accuracy of the
optical flow because as long as the corresponding pixels are
in the correct segment, the errors in flow fields will not
affect the prediction of the plane parameters. This advantage
will be elaborated further in Section 3. The ssimplified cost
function (7) is given by:
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When the depth information before time t is given or
already estimated, the depth at time t can be computed
using an incremental formulation. The cost function consists
of the spatial match measure at time t and a motion
smoothness measure. More specifically, the cost function for
the incremental formulation is given by:

s
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where y g, o is the predicted plane parameters based on the
smooth motion model. The function E(Y 5;0.Y st0)

represents the difference between the two planes y ¢, o and
Y st0» Which can be computed as the average distance
between points inside a segment.

3 Algorithm

The block diagram of an algorithm based on the incremental
formulation is shown in Figure 2. We first briefly describe
the main steps of the algorithm and then discuss the details
of the agorithm in the following subsections. The three
steps of the algorithm are:

Step 1. Predicting plane parameters y ., from the

previous time instants. This step consists of three tasks: (1)
for each segment, find the corresponding regions in the
previous time instants, (2) find or estimate plane parameters
in those regions, and (3) predict the plane parameters at
current time instant.

Step 2: Initialization of the piecewise planar depth
representation y gtyo in the reference view using the spatial

match measure E; only.

Step 3: Globa depth hypothesis testing. For each segment
s, choose either y ., or plane parameters in the initial

depth estimation as its depth representation. Find a locally
optimal solution for the cost function in (9) using loca
search. A greedy hypothesis testing algorithm similar to the
one proposed in [Tao00] is adopted for this purpose.

3.1 Predicting plane parameters

In order to predict the plane parameters of a segment, its
corresponding positions in the previous images need to be
determined. Based on the depth information in those regions,
the depth representation at the current time instant is
predicted. We propose two complementary methods for
finding this temporal image correspondence. The first
method is based on temporal color segmentation and is good
for large homogeneous color regions; the second method is
based on optical flow and works well for textured regions.

311 Segmentation based method

For large untextured scene surfaces, the corresponding color
segments at different time instants tend to have large
overlapping areas when their motions are relatively small.
This property is exploited to track corresponding segments
over time. The agorithm is illustrated in Figure 3a and is
described as follows:

For any large segment s at time instant {-1
Project the segment to the next frame t, noted as St

At time instant ¢, find the segments that satisfy
the following criteria:

- 85% of their areas are covered by St
- Have similar color as the segment s

For these segments at time instant , their image correspondence at
time instant ¢-1 is image segment s.

There will be segments that have no correspondence in the
previous frame according to the above method. For these
segments, the optical flow based method is applied to find
image correspondences.

Temporal

a Spatial Depth| |
Depth Prediction

Initialization

Temporal Depth
Hypothesis Testing

Figure 2. Block diagram of the proposed dynamic depth
recovery algorithm.

3.1.2 Optical flow based method

For any pixel in segment s at time instant t, its
corresponding position in the previous frame can be found if
the optical flow is available. This process can also be used to
find its image correspondences in multiple previous frames
by concatenating the flow fields (Figure 3b). Since optical
flow is only used to find corresponding regions of a segment
in the previous frames to fit a plane model, as long as the
image correspondences are in the right region, error will not
affect the resulting plane parameters. In addition, errors in
optical flow only affect the temporal plane prediction, which
is tested amongst a number of different hypotheses. The
erroneous ones will in general not survive.

@

(b)

Figure 3. (a) Determine temporal image correspondence
based on overlapping areas of color segments. Segment s;
and segment s, at time t have corresponding segment s at
time t-1. (b) Determine the corresponding pixels in the
previous frames using optical flow.



3.1.3 Predicting plane parameters

The image correspondences of a segment in the previous
frames are found either by the segmentation based method or
by the optical flow based method. The associated plane
parameters in the previous frames can then be obtained by
using the plane parameters for the tracked segments from the
former method, or by fitting planes to the depth values of
tracked pixels from the latter method. Based on the plane
parameters in the previous frames, the plane parameters at
current time instant can be predicted using the smooth
motion model. For example, to predict plane parameters
from two previous frames t- 1 and t- 2, if we denote the

plane parameters in those two frames as [ng,. 1,0,5%_10]

and [Ng; 50,ds.20], the normal vector at time t is
computed as the solution of

(Nst-20 T Nst,0)/ [N 20 T Ngt0 F Nst-10 (10)
which is
distance

Nsto0 = (zns,t-l,on;—,t-l,o - n.,. The plane
parameter is computed as

deto =2dg4.10- dst20-

3.2 Initial depth estimation

The color segmentation based stereo algorithm [Tao00] has
been implemented to initialize the depth solution at the
current time instant. This agorithm minimizes the spatial
match measure Et1 and considers visibility implicitly in the
global matching criterion. The four steps in this algorithm
are (1) color segmentation, (2) correlation based initial depth
computation, (3) plane fitting in each segment based on the
initial depth, and (4) for each segment, comparison of the
initial depth representation with depth hypotheses from its
neighboring segments, and selection of the one that

improves Et1 as the solution. The estimated initial depth

representation for segment s isdenotedas y 2, 5.

3.3 Temporal depth hypothesistesting
The hypotheses for each segment s are the predicted plane
parameters y ¢ o, the initial plane parameters y S,t,o, and

the initial plane parameters of the neighboring segments of
s. With plane parameters of the other segments fixed, these
hypotheses are compared using the cost function in (9). This
process is summarized as follows.

At time instant ¢, for each segment s in the reference view
Compute the cost function (9) for Y ¢ 0.y S,t,o ,and
Y 210, KT neighboring segments of s

Set plane parameter Y ¢; o to be the one with the lowest cost
value.

(9) (h)

Figure 4. The dynamic depth recovery algorithm. (a,b)
Original video frames 267 and 270. (c,d) Color segmentation
in frames 267 and 270. Tracked segments are painted using
the same color. (e) The magnitude of the optical flow
computed in frame 270. (f) The predicted depth map in frame
270. (9) The initial depth map computed using the color
segmentation based stereo algorithm in frame 270. The
depth value of the area below the PingPong paddle is wrong.
(h) By combining (f) and (g), the final depth map is computed.
The errors in the area below the Ping Pong paddle are
corrected.



4 Experimental results

The proposed method has been implemented and tested on
synchronized video streams collected from an eight-camera
video capture system. All cameras fixate on subjects about
nine feet away, with an approximate angular separation of
10 degrees from each other. The videos are captured at
640x480 resolution in RGB color at 30Hz. The intrinsic
parameters and poses of all the cameras are computed using
the camera calibration algorithm of [Zhang00].

Figure 4 shows the main steps of the proposed dynamic
depth recovery algorithm. Figures 4a and 4b are two frames
captured from the reference view at different time instants.
The color segmentation and the segment tracking results are
shown in Figures 4c and 4d. Corresponding segments
tracked using the method described in Section 3.1.1 are
painted with the same color. For segments that are not
tracked successfully, optical flow based method is used to
perform pixel level tracking. The optical flow between the
current frame and the previous frame is computed using a
direct method [Bergen92]. The magnitude of the flow field
is shown in Figure 4e. Using the image correspondences
computed from the segmentation based method or the
optical flow based method, the depth representation at the
current time instant is predicted (Figure 4f). This predicted
depth map is combined with the initial depth map computed
using the color segmentation based stereo algorithm (Figure
4g) to derive the final depth estimation (Figure 4h). Note
that the depth error in the highlighted area in the figure
below the Ping Pong paddle in the initial depth map is
corrected using the predicted depth map.

Figure 5 shows a time sequence of the dynamic depth
recovery results. The depth maps are temporally consistent
and sharp depth boundaries such as the accurate contours
around fingers are preserved. Compared to the single frame
algorithm, improvements in temporal consistency have been
observed from the resulting depth sequences. Unfortunately,
the reduction in tempora scintillation cannot be easily
shown in print. Figure 6 shows the depth estimation results
of another sequence. The reader is particularly directed to
observe the sharp delineation of thin structures, like the
fingers, from the background surface.

5 Discussions

Based on a piecewise planar scene representation, we study
the three constraints applicable to the problem of dynamic
depth recovery. The observation that constant velocity
motion of a plane causes constant changes in out-of-plane
motion parameters enables a smple algorithm that enforces
motion smoothness across time without using the 2D optical
flow field in the estimation of 3D homographies and the
resulting planar velocities. The optical flow is only used for
finding tempora correspondences between frames for the
purpose of predicting plane parameters. Since in-plane
motion does not change the predicted plane parameters,
more errorsin the optical flow field can be tolerated.

An algorithm based on the global matching framework is
proposed. Experimental results show that temporal
consistency in depth estimation is achieved and sharp depth
boundaries are preserved. We are further exploring how the
planar constraint on segments can be combined with non-
parametric depths and with other smoothness constraints on
the resulting surface shapes.

We plan to evaluate the quality of the generated depth maps
by creating synthesized videos from novel viewpoints and
assessing the spatial and temporal quality of the videos.

Figure 5. A depth map sequence estimated using the
proposed dynamic depth recovery algorithm. The left column
shows the first three depth maps and the right column shows
later frames in the sequence. Sharp depth boundaries such
as the finger contours in the first image are preserved even
though the optical flow is blurry.

Appendix

If a planar scene undergoes motion described by:
Pt=w” P+t , where w and t are the rotation and
trandation respectively, then the out-of-plane motion of a
plane, nTP=d, is given by: n(=w” n, and d¢=n"t . It
follows that for constant velocities, w and t , the induced

velacities for the plane parameters n and d are constant
too.
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