Towards Plenoptic Dynamic Textures

Gianfranco Doretto Stefano Soatto
UCLA Computer Science Department UCLA Computer Science Department
Los Angeles, CA 90095 Los Angeles, CA 90095
Email: doretto@cs.ucla.edu Email: soatto@ucla.edu

Abstract—We present a technique to infer a model of the  We will model the images (or filtered versions of the
spatio-temporal statistics of a collection of images of dynamic images) as the output of a time-varying dynamical model. The
scenes seen from a moving camera. We use a fime-variantyqqe| together with a stochastic input, represents the dynamic

linear dynamical system to jointly model the statistics of the . - o .
video signal and the moving vantage point. We propose three variability of the image sequence. In addition, we explicitly

approaches to inference, the first based on the plenoptic function, model the vantage point, so that during the synthesis, we
the second based on interpolating linear dynamical models, the can change it arbitrarily and render sequences from a camera
third based on approximating the scene as piecewise planar. For undergoing a virtual motion.

the last two approaches, we also illustrate the potential of the Several algorithms have been proposed for interpolating and

proposed techniques with a number of experiments. The resulting . . . - .
algorithms could be useful for video editing where the motion of extrapolating views of a scene without explicit reconstruction

the vantage point can be controlled interactively, as well as to (S€e for instance [1], [2] and references therein), as well as

perform stabilized synthetic generation of video sequences. techniques to model changes in the viewpoint that use little
or no scene structure information (e.g. [3], [4] and also [5],
. INTRODUCTION [6], that use the Bidirectional Texture Function [7]). All of

Images of objects with complex shape, motion and materifilese techniques, however, require the scene to be static (or
properties are commonplace in our visual world: think of a large number of static calibrated cameras), whereas we are
silk gown, a burning flame, a waterfall. The complexity ofnterested specifically in modeling dynamic scenes.
these physical phenomena is far superior to that of the imageJhe literature on modeling dynamic scenes is also sizeable
that they generate and, therefore, the inverse problem of vis(el. [8], [9] and references therein). Most of these techniques,
perception is intrinsically ill-posed. For instance, the rivuletsowever, consider scenes made of a number of rigid objects,
on the surface of a lake could be the result of homogeneoubBereas we are interested in scenes where the temporal
material (water) being tossed around by the wind and the cdiynamics of the entire scene can be modeled, and no rigidity
rents; however, the same perception could be elicited by a gianhstraints are available.
flat screen where a time-varying signal is projected to matchimage-based rendering techniques are available for specific
the appearance of the rivulets, adapted to the viewer's movidi@sses of non-rigid objects, (e.g. for facial expression anima-
vantage point. Therefore, unless additional prior assumptidiens [10], [11]). Here instead, we are interested in scenes for
are available (as usually done in “shape from X” algorithmsjyhich no prior information is available, and allow complex
one has to give up the goal of inferririthe” model of the shape, motion, and material properties. We will, however,
physical world, and settle for a much poorer representatianake assumptions on the “temporal regularity” of the scene,
one that can explain the measured data. What representatioways that we will explain in later sections.
to choose depends on the task at hand. This latter class of scenes has recently received some

In this paper, we are interested in inferring models of thattention, and there are techniques to model changes in the
spatio-temporal statistical properties of visual scenes that acynamics of such scenes (e.g. [12], [13], [14], [15] end
be used to generate synthetic sequences of images, where befigrences therein). Therefore, one can find techniques to
the temporal statistics and the motion of the vantage point canodel only changes in the viewpoint, as mentioned above,

be edited. or only changes in the dynamics of the scene.
o ) The first attempt to model changes in both vantage point
A. Related work and contributions of this paper and dynamics of the scene is, to the best of our knowledge,

Our goal is simple to state: we are given images of the work of Fitzgibbon [13]. There, the author was looking
dynamic scene that exhibit some sort of spatio-temporal regaf sequence registration for nowhere static scenes where the
larity, taken from a moving camera, and we want to extractdecomposition into parametric camera motion and stochastic
model so that we can re-play the sequence from an arbitramption of the scene is still possible.
vantage point. As simple as the goal sounds, the discussiorOf the three approaches we suggest in Sect. I, [13] is most
above suggests that it is unattainable. Since we know at ttlesely related to the third, which considers a homographic
outset that we cannot retrieve a physically correct model approximation of the scene, although with a different purpose
the shape, dynamics and material properties of the scene, (watching and registration for [13], modeling for synthesis in
will let our task guide our assumptions on the representationr case). Even so, we use an alternating minimization where
to lead to a well-posed inference problem. each step is guaranteed to reduce the global cost, which is



different from [13]. In addition, we propose and experimerfor somew, w white, zero-mean Gaussian random processes,
with direct dynamical model interpolation. Also, we proposand(X,t) = C(X)&(t). In other words/ (-, ¢) is a 3D linear
modeling the dynamics of the plenoptic function [16] directlydynamic texture [14]. Notice that(X,¢) cannot be measured

In the next section we introduce the formalism to be usddr all X € R3, but it is instead sampled on a set of measure
throughout the paper, and in Section Il we propose threero determined b¥X(¢) = g(¢) P(x,t).
approaches to model moving images of dynamic scenes folAs restrictive as this model may appear, it is not enough
the purpose of view synthesis and rendering. The performanoeguarantee a one-to-one correspondence between parameters
of two of these approaches are explored in the experimendsld output realizations. In fact, givel,qg, P and &, one
Section IV. can always findC, g, P, ¢ that satisfyC (§(t)P(x,t))é(t) =
C(g(t)P(x,t))&(t). Indeed, one can choose a functiol-)
and g(t) arbitrarily, and always findP(x,t) that satisfies

Let X € R3, and I(X,t) € R, be the “energy” of a the equation above. Therefore, we need to restfctOne
particle in positionX in space at time. An imagey(x,t) possibility is to assume tha® is a static surface, and only the
at a pixelx € Q c R? and at timet, is in general obtained viewpoint g(t) and the radiancé(-,¢) are allowed to change
by integrating the energy along the projection say € R®, over time. In that case, we have
where) € R, andx is expressed in homogeneous (projective)
coordinates:y(x,t) = [ I(x)t)d\. If we assume that I(X,t) = Cg(t)P(x))&(t) - 3)
particles are opaque, or that they are concentrated on a surface,
then the integral reduces to the value lofat the particular
X that corresponds ta = 7(X), wherer is the canonical  |n the next three subsections we propose three approaches to
projection: if X = x), then7(X) = x. More in general, |earn and synthesize dynamic textures as seen from a moving
let P(x) € R* be the surface in space that contributes to th&imera. In Section IIl-A we propose an operative model that
image irradiance atx, and let the viewpoint move accordingis conceptually straightforward but difficult to implement in
to a motion described by a groug(t) (Euclidean, affine practice, because it requires a large number of calibrated
or projective). Therefore, under these assumptions, we hau@l synchronized cameras. In Section IlI-B we propose an
y(x,t) = I(g(t)P(x),t) +w(x,t) wherew is a measurement interpolation technique to interpolate time-invariant instances
noise term that we assume to be white and zero-mean. Nowsffthe general model proposed in Section lI-A, and does
we further allow the surfac@ to change over time, we havenot require calibration. Finally, in Section 11I-C we propose
the image formation model in the most general form that we further reduction of model (3) in which we assume tRat

Il. FORMALIZATION OF THE PROBLEM

Ill. THREE APPROACHES

will address in this paper: is not only a static surface, but can be approximated locally
by a plane.
y(x,t) = T (g(t) P(x, 1), ) + w(x, ). L Yap
The goal is, given measurements @fx,t) for x € © < A. The Dynamic Lumigraph
R? andt = 1,...,7, to recover a model of the form above, The first and conceptually simplest approach to modeling

consisting of the unknowns(-, -), g(-) and P(., _')’ such that gpq learning dynamic textures as seen from a moving vantage
novel sequences can be generated by altering the mode,gfnt is to start directly from the model (2), and collect data
controlling its states. for a large set of “voxelsX and viewpointsy. At that point,

A. Reduction of the model synthesis is trivially performed by choosingt) and P via

Unfortunately, the model (1) is “too rich,” in that given any Ysyntn (X, 13 9(1), P(x,1)) = Cg(t)P(x,1))§(t).  (4)
measured sequendeg(x,t), x € 2,0 < ¢ < 7} there exist
infinitely many modelsl, g, P that generate them. Therefore,This approach is equivalent to a dynamic version of the so-
learning would be subject to overfitting and the resultingalled Lumigraph [3], and aims at modeling the plenoptic
model would have little predictive power. In fact, if we writefunction [16] directly, this is why we refer to sequences mod-
the model (1) in more compact form & o g o P, then eled by (2) and (4) aplenoptic dynamic texturesAlthough
it is immediate to see that, for any choigec SE(3) and conceptually viable, this approach is impractical because it
arbitrary P(x, t), we can always choosE X, t) that satisfies would require a large number of synchronized cameras, one
the equationl, o g o P, = I, o § o P,. Therefore, we need to per desired locatiop. In the Lumigraph, the camera is moved,
restrict the class of allowable energy fiellsn the following, SO that time is used to sample space, a trick that we cannot
we will assume thaf are subject to a temporal dynamics tha&pply here since we need to sample both in space and time as
is second-order stationary. Thati$X, ¢) is allowableif there our scene is not static. Since we do not have an experimental

exist C(X), A and&(t) such that facility that would allow us to collect synchronized images,

this avenue is not pursued in the experimental Section IV.

E+1)=ALt) +o(t) £0)=E&; v~N(0,Q) Another research group is currently building a rig of 128
y(x,t) = C(X)E(t) + w(x,t) calibrated and synchronized cameras, so testing this approach

(2) will be feasible within the next few years.
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Fig. 1. (a) interpolation of the camera trajectorydi#(3), requires knowledge of the extrinsic calibration, which can be obtained with a laborious procedure.

(b) interpolation in the space of model parameters can be easily attained by building the connectivity graph by computing mutual distances among each model.

(c) under the homographic approximation, one can estimate model parameters along a one-dimensional subset of camera trajectories.
B. Model interpolation C. Piecewise planar approximation

Consider a camera trajectory, represented @y € SE(3). In this section we suppose that the scene can be roughly
This is a one-dimensional subset of the six-dimensional spaagproximated by a plane, so thgt)P(x) can be represented
of all possible camera poses, and we are interested in in@s- a homography of the image planél/(t) € R3*3/R,
polating and extrapolating the viewpoint so as to be able @&nd therefore we havé(X,t) = C(H(t)x)¢(t), wherex
move the camera arbitrarily in space. is expressed in homogeneous coordinates. We also need a
If enough viewpointg;(t) are sampled uniformly it £(3), dynamical model for the evolution @ (¢): in lack of a better
then one could think of generating synthetic sequences mpdel we will assume it to be a first-order random walk.
interpolating models of the form (2) from neighborings. Summarizing this simplified model, we have
Naturally, thisrequires knowing the pose of the camehat . e
captured the original data, i.e. that the (extrinsic) calibration 1) =At) +u(t) £0)=6&; v~N0.Q)
of the camera be known. Most often, however, the camera Ht+1)=H({t) +ou(t) HO)=I
pose is not known precisely, which is another shortcoming of | ¥(x,t) = C(H (t)x)&(t) + w(x,t) .
the straightforward extension of the Lumigraph to dynamic (5)
objects. Now, given {y(x,t), x € Q,t = 1,...,7}, the problem of
Consider now the set of models corresponding to a trajdeferring a model consists of estimating C'(-), H(t),£(t) as
tory of viewpoint samples;, ¢s,...,g; (see Figure 1-(a)). well as the covariance of the noise termsy and w. The
These are points in the space of linear-Gaussian models (8&irix C' is inferred only along the one-dimensional subset of
Figure 1-(b)), which can be endowed with a metric structuré@mera trajectories, and therefore synthesis will be limited to
that allows determining the complete distance graph betwefhomographic) neighborhood of this trajectoryhis setup
each sample model. Therefore, one can envision generatidlustrated in Figure 1-(c).
synthetic sequences by generating local interpolations in thel he pedestrian way to infer the state of model (5) consists
space of models. The shortcoming of this method is that ofk first estimating the homography off-line, for instance by
cannot manipulate the viewpoint directly, and therefore tHgdistering a set of point features that are known to be static,
editing power is reduced. Interpolation can be performed on@gd then applying any of the modeling algorithms as if the
the connectivity graph is available. In order to compute it, ondewpoint was fixed, for instance [14], [15].
needs to define a norm in the space of models. This can bé* more convenient and practical algorithm, which we
done in a variety of ways. We choose subspace angles am&¥glore in Section IV, consists of setting up an alternating
extended observability subspaces, as proposed by De Cock Bligimization problem where we start witHy = 1, § = 0,
De Moor; the interested reader can refer to [17] for details.2nd at & generic iteration we alternate a step of the subspace
In order to compute the interpolation between two modefélentification algorithm N4SID (see [18] for details)
we need to compute geod.esics in the space of models. As4, ., ¢;,1,Q;y1 = NASID({y(H; '), t)}i=1...+), (6)
pointed out in [14], the matriced, C, and(@, are supposed to
have a certain structure. In particuléf, must have orthonor- Lf the plane has normal vector € R? relative to the camera frame, and
mal columns,A must have the eigenvalues within the _unimgﬁxs ]‘é"('f)‘ 2 I?Suocg)ezrrlxdm:tlt?gr(\?lat?o ffég’t)c'irr(i';’rzseﬁg‘;f‘:hga’ E(;‘;ta:t'o”
circle of the complex plane, an@ must be symmetric positive r(¢) + 7(t)»T up to a scale factor.
definite. Computing geodesics in such a manifold is an operfNaturally, if the scene is planar, this neighborhood spans the entire space,

problem, and in Section IV we show some results attainéaf therefore one can gene_ra_te~views from anialrbitrary vant?ge point
This corresponds to defining(x,t) = y(H 'x,t) = y(x(t),t) =

using a sub-optimal technique (which uses rotations apds ), ¢)e(t)+ w(x(t), t) where, by assumptiony (% (1), t) = C(x(0),0)
SVDs), that still enforces the properties of model parametefsconstant.



with a step along the gradient of the cost functign = the scene; from the third key-model we simply go back to the
S ly(H %, t) = Ci1€(2)]2, subject teE (t41) = A;11£(t).  second. The resulting movie appears to be made by a camera

This results in that is moving forward and then panning around the scene
- N i N back and forth. The movie is 200 frames long.
Hi,(t) = H (1) + O‘im( i (), @) We tested the procedure described in Section I1I-C with two
A ’ sequences that we cdibuntain-cornerand waterfall-2 The
wheré 8£?f(t) (H;'(t)) is given by the expression former has 170, and the latter 130 color frame$&f x 240

A o . . pixels. The state dimension for all the models we used was set
2 (y(H; 'x,t) — Ciya€(t)) Vy(H; 'x,t)D(H; 'x, 1), to 50. The rows () and (g) of Figure 2 show samples of the
x€Q original sequences, and the same samples after the rectification
) with respect to the estimated homographies. The rows (f) and
(h) show some synthesized frames. The synthesized movies
1 xT' 0 —mW g are 200 frames long, and the frame dimension s x 120
— molt ER”®. (9 pixels.
z3(t) | 0 %xT — o [x1, 23] ) , , )
3 Notice that the piecewise planar technique can also be used
Once the model is identified, and, C, andQ are given, one !0 stabilize scenes with complex dynamics. For instance, the
can easily generate novel sequences by choosing an arbitfffginal movie waterfall-2 is very jittery (due to the hand-held
camera path{(R(t),T(t))}i=1.2...., sampling an input noise camera), while during the synthesis one can generate arbitrary
v ~ N(0,Q), and generatingd (1) = R(t) + T(t)vT. The Smooth motions, and preserve the dynamic appearance.
sequence of imageg.,..»(t) is then produced by iterating
the model (5) forward in time starting from an arbitrary initial
conditior?. We have presented three approaches to model the spatio-
temporal statistics of a collection of images as seen from a
IV. EXPERIMENTS moving camera. For two of them we proposed algorithms
We tested the approach described in Section IlI-B on twer identifying the model and perform synthesis of plenoptic
data sets that we cdliverted-fountairandwaterfall. The first dynamic textures. Although the model does not capture the
one consists of 6 sequences of 120 color frames5f x physics of the scene, it is sufficient to “explain” the measured
240 pixels. From the first to the last sequence the cameradata and extrapolate the appearance of the images in space and
approximately sampling a circular trajectory that pans aroufighe. Unlike the model interpolation approach, the piecewise
the inverted-fountain, see Figure 2-(a) for a sample of the dgfmanar approximation allows full editing power in terms of
set. The second data set consists of 21 sequences of 120 cedeitrolling the motion of the vantage point. This technique
frames 0f320 x 240 pixels, that almost uniformly sample acould also be used to stabilize scenes with complex dynamics.
portion of the 3D space.
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trajectory around the fountain. (b) samples of a synthesized sequéfaterfall. (c) samples of the 6 original sequences of the data set. The positions

g1, -
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sequence. The frames in rows (b) and (d) are obtained using the procedure described in SectiGouHt&n-corner. (e) three samples of the original
sequence, and their corresponding samples after the homography registration. (f) samples of a synthesized sequence. The synthesized camera motion is su
that the camera is first zooming in, then translating to the left, turning to the left, right, and finally zoomingatetfall-2. (g) three samples of the original

sequence, and their corresponding samples after the homography registration. (h) samples of a synthesized sequence. The synthesized camera motion is su
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