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Keywords: Multi-view Geometry, Spatio-temporal Im-- that is, images acquired by camera-type eyes based on
age Analysis, Camera Design, Structure from Motiothe pinhole principle. This advantageous because because
Polydioptric Cameras it enables an easy interpretation of the visual information
by a human observer. Despite the fact that many image
interpretation tasks are automated nowadays, most com-
Abstract mercially available cameras are still based on the same
pinhole principle. One considers a point in space and the
More and more processing of visual information is nowéight rays passing through that point. Then the rays are
days done by computers, but the images captured by couat with an imaging surface, and a subset of them forms
ventional cameras are still based on the pinhole princiga image. This image captures a view of the world that
inspired by our own eyes. This principle though is ndbvoks very similar to the view we capture with our own
necessarily the optimal image formation principle for awyes, but this might not be optimal image to solve a given
tomated processing of visual information. Each cameesk. Of course these are not the only types of eyes that
samples the space of light rays according to some pattexxist; the biological world reveals a large variety of eye
If we understand the structure of the space formed by tthesigns. It has been estimated that eyes have evolved no
light rays passing through a volume of space, we can dewer than forty times, independently, in diverse parts of
termine the camera, or in other words the sampling pattehe animal kingdom [8], and these eye designs, and there-
of light rays, that is optimal with regard to a given taskore the images they capture, are highly adapted to the
In this work we analyze the differential structure of theasks the animal has to perform. This suggests that we
space of time-varying light rays described by the plenoghould not just focus our efforts on designing algorithms
tic function and use this analysis to relate the rigid motighat optimally process a given visual input, but also opti-
of an imaging device to the derivatives of the plenoptioize the design of the imaging sensor with regard to the
function. The results can be used to define a hierarchyta$k at hand, so the subsequent processing of the visual
camera models with respect to the structure from motiorformation is facilitated.
problem and formulate a linear, scene-independent esti-
mation problem for the rigid motion of the sensor purely This focus on sensor design has already begun. Techno-
in terms of the captured images. logical advances make it possible to construct integrated
imaging devices using electronic and mechanical micro-
assembly, micro-optics, and advanced data buses, not only
1 Introduction of the kind that exists in nature such as log-polar reti-
nas [5], but also of many other kinds such as catadioptric
When we think about vision, we usually think of intereameras [15]. Nevertheless, a general framework to re-
preting the images taken by (two) eyes such as our olate the design of an imaging sensor to its usefulness for a
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Figure 1: Design of a Polydioptric Camera (a) capturing Parallel Rays (b) and simultaneously capturing a Pencil of

Rays (c).

given task is still missing. tained by varying three elements: (1) the geometry of the
In this work we will present such a framework bysurface, (2) the geometric distribution and optical prop-
studying the relationship between the subset of light raggies of the photoreceptors, and (3) the way light is col-
captured by a generalized camera and its performafeted and projected onto the surface (single or multiple
with regard to the task of egomotion estimation. To atenses, or tubes as in compound eyes).
alyze these general cameras, we will study the most comA theoretical model for a camera that captures the
plete visual representation of a scene, namely the plenpfenoptic function in some part of the space is a sur-
tic function as it changes differentially over time [1]. Irface S that has at every point a pinhole camera (for
free space the plenoptic function reduces to the 5D spatiker possible parameterizations for generalized cameras
of time-varying light rays. Since any imaging device capee [21, 10, 17]). We call the actual implementation of this
tures a subset of this space, the choice of the subsetttieoretical concept polydioptric camera. A “plenoptic
termines how well a task can be performed. We will ugamera” has been proposed in [2], but since no physical
our study of the differential structure of the time-varyingevice can capture the true time-varying plenoptic func-
plenoptic function captured by a rigidly moving imagingion, we prefer the term polydioptric to emphasize the
sensor to analyze how this structure is related to the rigifference between the theoretical concept and the imple-
motion of the sensor. mentation. With a polydioptric camera we observe points
The idea of studying the space of light rays was alreatythe scene in view from many different viewpoints (the-
mentioned by Leonardo da Vinci [20] and further studieeretically, from every point orf) and thus we capture
in the context of photometry at the beginning of the 20thany rays emanating from that point.
century (for an overview see [14]). In computer graph- A polydioptric camera can be implemented by arrang-
ics and computer vision recent work uses non-perspecting ordinary cameras very close to each other (Figs. 1b
subsets of the plenoptic function to represent visual iand 1c¢). This camera has an additional property arising
formation to be used for image-based rendering. Soifnem the proximity of the individual cameras: it can form
examples are light fields [13] and lumigraphs [9], muk very large number of orthographic images, in addition
tiple centers of projection images [19] which have beéao the perspective ones.
used in cell animation already for quite some time [23], or Indeed, consider a directianin space and then con-
multi-perspective panoramas [18]. Non-perspective irsider in each individual camera the captured ray parallel to
ages have also been used by several people to reconsifuglll these rays together, one from each camera, form an
the observed scene from video sequences (for some igxage with rays that are parallel. For different directions
amples see [3, 22, 6]). r different orthographic image are formed. For example,
In general terms, a camera is a mechanism that forfig. 1b shows that we can select one appropriate pixel in
images by focusing light onto a light sensitive surfacsach camera to form an orthographic image that looks to
(retina, film, CCD array, etc.). Different cameras are obne side (blue rays pointing to the left) or another (red



rays pointing to the right). Fig. 1¢ shows all the capturdight ray does not change over time which implies that the
rays, thus illustrating that each individual camera colledtstal time derivative of the plenoptic function vanishes:
conventional pinhole images.

In conclusion, a polydioptric camera has the unique iL(w'r't) —0.
property that it captures, simultaneously, a large number dt Y

of perspective and orthographic images (projections). WeIf at the intersection poing € R3 of the rays (¢(\) =

will demonstrate later that this capability enables us :tco+ A\r) with the scene surface/(y) — 0) the albedo

solve thed struc;uret from tmotlon problem using a “neaﬁ(y;t) is continuously varying and no occlusion bound-
scene-independent equation. aries are present{ V£ (y,t) # 0), then we can develop

the plenoptic functiorl in the neighbourhood dfr; r; t)
2 Plenoptic Video Geometry into a Taylor seriesk; is an abbreviation fob L/ 0t):

Let the scene surrounding the image sensor be modeled L@ +do;r +dryt +dt) = L(z;mt) - (1)

by the signed distance functigi{z;¢) : R® x Ry — R +Ldt + Ve L dz + Ve LT dr+O(||dr, dz, dt|?).

where f(x;t) > 0 if the world pointa is not occupied

by a scene object, anf{x; t) < 0 if z lies inside a scene This expression now relates a local change in view ray

object. position and direction to the first-order differential bright-
At each locationz in free space(f(z;¢) > 0), the ness structure of the plenoptic function.

radiance, that is the light intensity or color observed atWe define theplenoptic ray flowas the difference in

x from a given directionr at timet, is measured by the Position and orientation of rays between the two rays that

plenoptic functionZ (z; r; t); L : R® x S> x R, — R?, are captured by the same imaging element at two con-

whered = 1 for intensity,d = 3 for color images, an§2 secutive time instants. This allows us to use the spatio-

is the unit sphere of directions &®. temporal brightness derivatives of the light rays captured

The image irradiance that is recorded by an imagify an imaging device to constrain the plenoptic ray flow
device is proportional to the scene radiance [11], thel® generalizing the well-knowimage Brightness Con-
fore, we assume that the intensity recorded by an imag®igncy Constrainto thePlenoptic Brightness Constancy
sensor at position: and timet pointing in directionr is  Constraint
equal to the plenoptic functioh(x; r; t). d r dx

Since a transparent medium such as air does not change L(r; z;t) = L; + VrLTE + VmLTE =0. (2
the color of the light, the radiance along the view direction

s constant 3 Plenoptic Motion Equations
L(z;7r;t) = L(x + Arsrst) VAL f( 4+ Ar) >0

S The set of imaging elements that make up a camera each
which implies

) capture the radiance at a given position coming from a
VaL'r = VpL'r =0 Vo € R® with f(z;t) >0 given direction. If the camera undergoes a rigid motion,

) o ] then we can express this motion by a rigid coordinate

whereVy L andVy L are the partial derivatives dfwith  yransformation of the ambient space of light rays. This
respect tar andr. Therefore, the plenoptic function ingiq transformation, parameterized by the rotation matrix

free space reduces to five dimensions — the time-varyipg,nq 5 translation vectd; results in theexactidentity
space of directed lines for which many representatio&cee the example in Fig. 2)

have been presented (for an overview see Camahort and
Fussel [4]). L(z;r;t) = L(Rx + t; Rr;t + 1)
Let us assume that the albedo of every scene point is
constant over time and that we observe a static world wgince the rigid motion maps the time-invariant space of
der constant illumination. In this case, the radiance oflight rays upon itself. Thus, the problem of estimating the
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Figure 2: (a) Sequence of images captured by a horizontally translating camera. (b) Epipolar plane image volume
formed by the image sequence where the top half of the volume has been cut away to show how a row of the image
changes when the camera translates. (c) A row of an image taken by a pinhole camera at two time instants (red
and green) corresponds to two non-overlapping horizontal line segments in the epipolar plane image, while in (d)
the collection of corresponding “rows” of a polydioptric camera at two time instants corresponds to two rectangular
regions of the epipolar image that do overlap (yellow region). This overlap enables us to estimate the rigid motion of
the camera purely based on the visual information recorded.

rigid motion of a sensor has become an image registratiorCombining Eqs. 2 and 3 leads to thkenoptic motion
problem that isSndependent of the scenad only depends constraint
on the rigid motion parameters!

We assume that the imaging sensor can capture images — Lt = Va L - (Wxz+t)+VrL-(wxr) (4)
at a rate that allows us to use the small angle approxima- =VgL -t+ (xxVgL+rxVpl) w

tion for the rotation matrix® ~ I + [w|, where[w], is a o , o
skew-symmetric matrix parameterized by the axis of ti¢hich is a linear, scene-independent constraint in the mo-
tion parameters and the plenoptic partial derivatives.

instantaneous rotatian. Now we can define the plenop- . : A

tic ray flow for the ray captured by the imaging element 1S formalism can also be applied if we observe a

located at location: and looking in direction- as rigidly moving object with a set of static cameras. In this
case, we attach the world coordinate system to the moving

dr dx object and we can relate the relative motion of the image
oY xr anda =wxx+1 (3) sensors with respect to the object to the spatio-temporal
derivatives of the light rays that leave the object. It is to
wheret is the instantaneous translation. In stark contrasite though, that we need to account for illumination ef-
to the projection of the rigid motion flow on the imagfects due to the relative motion between object and light
ing surface of a conventional pinhole camera which deeurces.
pends on an infinite number of parameters due to its dedt is important to realize that the derivativ&s- L and
pendence on the scene depth structure, we see that\ie. can be obtained from the image information cap-
plenoptic ray flow is completely specified by the six rigitlired by a polydioptric camera. Recall that a polydiop-
motion parameters. This regular global structure of tltxéc camera can be envisioned as a surface where every
rigid plenoptic ray flow makes the estimation of the rigigoint corresponds to a pinhole cameYg: L, the plenop-
motion parameters very well-posed. tic derivative with respect to direction, is the derivative



with respect to the image coordinates that one finds inltee images captured, we see in (Fig. 2¢) that when using
traditional pinhole camera. One keeps the position aaginhole camera, we have to match two non-overlapping
time constant and changes direction (Fig. 1c). subsets of the visual space (shown in green and red). At
The second plenoptic derivativ¥,x L, is obtained by each time a pinhole camera captures by definition only
keeping the direction of the ray constant and changing tte view from a single viewpoint. Therefore, it is nec-
position along the surface (Fig. 1b). Thus, one capturessary for an accurate recovery of the rigid motion that
the change of intensity between parallel rays. This is sime estimate the scene structure, since the correspondence
ilar to computing the derivatives in an orthographic canetween pixels in image rows taken from different view
era. In Section 1 we mentioned that a polydioptric cameints depends on the depth of the scene.
era captures perspective and orthographic ima§gsL In contrast, we see in (Fig. 2d) that for a polydiop-
is found from the perspective images aVig: L from the tric camera the matching can be based purely on the cap-
orthographic images. tured image information, since we have a "natural” bright-
The ability to compute all the plenoptic derivatives daress constancy in the region of overlap (yellow) since we
pends on the ability to capture light at multiple viewpointsatch a light ray with itself. In this case the correspon-
coming from multiple directions. This corresponds to thgence of pixels (light rays) depends only on the motion of
ability to incorporate stereo information into motion estthe camera, not on the depth of the scene, thus enabling us
mation, since multiple rays observe the same part of tleeestimate the rigid motion of the camera in a completely
world. For single-viewpoint cameras this is inherently inscene-independent manner.
possible, and thus it necessitates nonlinear estimation ovelh previous work [16], we developed a hierarchy of
both structure and motion to compensate for this lack @imera design with regard to the linearity of the esti-
multi-view (or equivalently depth) information. mation and the stability due to the field of view (see
To illustrate this idea further, we translate a cameRig. 3). We see in the figure that although the estima-
along the horizontal image axis and stack the imagestitn of structure and motion for a single-viewpoint spher-
form an image volume (Figs. 2a-2b). Due to the horizoieal camera is stable and robust, it is still non-linear, and
tal translation scene points always project into the sami@ algorithms which give the most accurate results are
row in each of the images. Such an image volume dearch techniques, and thus rather elaborate. A spherical
known as an epipolar image volume [3] since correspongblydioptric camera combines the stability of full field of
ing rows lie all in the same epipolar plane. A horizontaiiew motion estimation with the linearity and scene inde-
slice through the image volume (Figs. 2c-2d) is called pendence of the problem, and is therefore the camera of
epipolar plane image and illustrates the structure of the ghoice to solve the structure from motion problem.
sual space in dependence on view position and direction.
A row of an image taken by a pinhole camera corresponds
to a horizontal line segment in the epipolar plane imagk  Light Field Video Geometry
(Fig. 2c), while the collection of corresponding “rows” of
a polydioptric camera captures a rectangular area of tee to the difficulties involved when using signal pro-
epipolar image (Fig. 2d). Here we assumed that the viegessing operators in a spherical coordinate system, we
point axis of the polydioptric camera is aligned with theill choose the two-plane parameterization that was used
direction of translation used to define the epipolar imabg [9, 13] to represent the space of light rays. All the lines
volume. If this is not the case, we can warp the imagpassing through some space of interest can be parameter-
to align the optical centers. We see that a camera rotatied by surrounding this space (that could contain either
around an axis perpendicular to the epipolar image pleme&amera or an object) with two nested cubes and then
corresponds to a horizontal shift in the epipolar imagescording the intersection of the light rays entering the
while a translation of the camera parallel to an image rogamera or leaving the object with the planar faces of the
causes a vertical shift. These shifts can be different favo cubes. We only describe the parameterization of the
each pixel depending on the rigid motion of the camernays passing through one pair of faces, the extension to the
If we want to recover this rigid transformation based asther pairs is straight forward. Without loss of generality
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Figure 3: Hierarchy of Cameras. We classify the different camera models according to the field of view (FOV) and
the number and proximity of the different viewpoints that are captured (Dioptric Axis). This in turn determines if
structure from motion estimation is a well-posed or an ill-posed problem, and if the motion parameters are related
linearly or non-linearly to the image measurements. The camera models are clockwise from the lower left: small FOV
pinhole camera, spherical pinhole camera, spherical polydioptric camera, and small FOV polydioptric camera.

we choose both planes to be perpendicular to the z-agipiation we need to convert the spatial partial derivatives
and seperated by a distance fof We denote one planeof the light fieldL,, = 0L /0, ..., L, = 0L/0v into the
asfocal planell; indexed by coordinate&e, y) and the three-dimensional plenoptic derivative€g, L andVy L.
other plane agmage planell; indexed by(u,v), where ~ We consider the projections &4 L andVy on three
(u,v) is defined in a local coordinate sytem with respedirectionsc,.,c,., andr to obtain the following linear sys-

to (z,y) (see Fig. 4a). Botliz,y) and(u,v) are aligned tem which we solve fok ;L andVyL (c, = [1,0,0]7T,

with the (X, Y)-axes of the world coordinates aft} is ¢, = [0,1,0]T, andny = ||[u,v, f]T]):

at a distance of; from the origin of the world coordinate

system. C% L, nyL,
This enables us now to parameterize the light rays c% [Val,VrL] = [(’)y ”TOLU
r

that pass through both planes at any timesing the tu-
pels(z,y,u,v,t) and we can record their intensity in the
time-varying light fieldL(z, y, u, v, t). For fixed location
(z,y) in the focal planeL(z, y, -, -, t) corresponds to the

This results in the following expressions for the plenop-
tic derivatives

image captured by a perspective camera. If instead we Val =[Ly Ly —=Ly— >L,]"
fix the view direction(u, v), we capture an orthographic oS f

image L(-, -, u, v,t) of the scene-(denotes the varying VoL = (L, Ly, — 2Ly — 2 LT
parameters). f f

USing this ||ght field parameterization we can rewrite If we now p|ug these expressions into Eq4’ we can de-
the plenoptic motion equation (Eq. 4) by setti®g= fine the plenoptic motion constraint for the ray indexed
[z,y, Zn|T andr = % To be able to use thisby (z,y,u,v,t) as (-;-] denotes the vertical stacking of



vectors): responding to the indicgs;, u) that form an epipolar im-
age [3] and assume that the surface has slowly varying

—Li=Vgl-t+(xxVglL+rxVrl)-w reflectance, we can apply a simple triangulation argument

= Loy Ly, — =Ly — 2Lyt to get the following identity v is the change in view di-
f f rection andiz the corresponding change in view position
(Lo Ly — 2Ly — S L) ([, y, Zn)" % w) as illustrated in Fig. 4b).
x b f xr f ) b
- [Lua L’U7 *%Lu - %LU]([UH v, f]T X w) L(J?, Yy, u + dua v+ dl), t)
= Lo, Ly Lo L ][0y, M, ] ©) Lyt Ldrot Lapy )
where =L(x +dz,y + dy,u,v,1)
1 -y . . R .
0 (1) ! If we now compute the directional derivative of the light
M, = 7, field with respect to tha-axis (the derivation with respect
00 0 to thev-axis is analog), we get
00 O
- Y+ 7Zn - L L Au,t) — L
vy ! ! VT 1 Y Lu = df = lim (l’,u + ki t) (J),’U/,t)
Y _(7 + Zn) % T du  Au—=0 Au
w = —u % +f —w i L(z + %Au,u,t) — L(z,u,t)
—(% +f) ' u T Auso Au
.. . . . : L(iL"FAU,’UJ,t)*L(lC,th)
By combining the constraints across the light field, = Alllgo A
we can form a highly over-determined linear system and z2Y
solve for the rigid motion parameters. _ ZdL _ 4 .
As said before, the light field derivatives,, . .., L; fdz  f

can be obtained directly from the image information cap-
tured by a polydioptric camera. To convert the image iand see that depth is encoded as the ratio between the po-
formation captured by this collection of pinhole camer&étional and directional derivatives whefe denotes the
into a light field, for each camera we simply have to irflepth of the scene point imaged by the ray with index tu-
tersect the rays from its optical center through each pik&! (z,y, u, v).
with the two planedl; andIl; and set the corresponding From Eq. 6, we can conclude now that we can replace
light field value to the pixel intensity. Since our measurany flow in the view direction variableg:, v) that is in-
ments are in general scattered, we have to use appropnatsely proportional to the depth of the scene, e.g. the
interpolation schemes to compute a continuous light fighdojection of the translational flow, by flow in the view
function (for an example the push-pull scheme in [9]points (x,y) that is independent of the scene. This en-
The light field derivatives can then easily be computed bples us to formulate the structure from motion prob-
applying standard image derivative operators to the cdem independent of the scene in view as a linear prob-
tinuous light field. The plenoptic motion constraint is eXem. We also see that the depthis proportional to the
tended to the other faces of the nested cube by premuititios between the positional and directional derivatives
plying t andw with the appropriate rotation matrices t&/f = L, /L, = L,/L,. This is identical to the rela-
rotate the motion vectors into local light field coordinateion between depth and differential image measurements
The relationship between the structure from motion fonsed in differential stereo and in the epipolar-plane image
mulation for conventional single viewpoint cameras arahalysis [3]. Thus, we can interpret plenoptic motion esti-
the formulation for polydioptric cameras can easily be estation as the integration of differential motion estimation
tablished. If we consider a 2-D slice of the light field comith differential stereo.
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Figure 4: (a) Light Field Parameterization (here shown only for the light field slice spanned hy ards) (b) The
ratio between the magnitude of perspective and orthographic derivatives is linear in the depth of scene. (¢) The scale
at which the perspective and orthographic derivatives match depends on the depth (matching scale in red)

4.1 Scale Dependence of the Plenoptia region of the scene surface whose area is independent
Derivatives of the depth (illustrated in Fig.4c). Unless the brightness
structure of the scene has enough similarity across scales
One issue we will not address in this paper but that ned@sd-, if the local scene radiance changes linearly on the
to be considered is how densely the plenoptic space negene surface), so that the derivative computation is in-
to be sampled by a polydioptric camera to be able to coM@riant to our choice of filter size, we have to make sure
pute accurate structure and motion information. A sirthen we compute the plenoptic derivatives with respect
ilar problem has been studied in computer graphics Uf-time, direction, and position that the domains of inte-
der the name plenoptic sampling [7] with the aim of ingration of our derivative filters relative to the scene are
proving view interpolation in image-based rendering. Tt&s similar as possible. One way to adjust the integration
sampling density necessary to avoid aliasing dependgigmains of the filters would be to compute the temporal,
course on the brightness profile and depth structure of figectional and positional derivatives at many scales and
scene, thus the choice of the correct smoothing filter dése Eq. 7 as a constraint to find the best relative shift in
pends very much on prior knowledge. The question h&gale space between the positional, directional, and tem-
to design this optimal smoothing filter for motion estimaoral derivatives.
tion is beyond the scope of this paper.

The accuracy of the linearization of the time-varying
light field (Eq. 1) also depends on the compatibility &  Experiments
the plenoptic derivatives. This means that the estimation
of the perspective, orthographic, and temporal plenopiig examine the performance of an algorithm using the
derivatives needs to be based upon similar subsets Ofﬁhéhoptic motion constraint, we did experiments with
scene radiance. synthetic data. We distributed spheres, textured with a
Notice that if we combine information from neighborsmoothly varying pattern, randomly in the scene so that
ing measurements in directional space at a fixed posititimey filled the horizon of the camera (see Fig. 5a). We then
we integrate radiance information over a region of tlmputed the light fields for all the faces of the nested
scene surface whose area scales with the distance farbe surrounding the camera through raytracing, com-
the sensor to the scene. In contrast, if we combine juted the derivatives, stacked the linear equations (Eg. 5)
formation over neighboring measurements in positiortal form a linear system, and solved for the motion pa-
space for a fixed direction, we integrate information oveameters. Even using derivatives only at one scale, we
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Figure 5: (a) Subset of an Example Scene, (b) the corresponding light field (c) Accuracy of Plenoptic Motion Estima-
tion. The plot shows the ratio of the true and estimated motion parameters (vertical axis) in dependence of the distance
between the sensor surface and the scene (horizontal axig)Hd0 and spheres of unit radius.

found that the motion is recovered very accurately as saeation together with the plenoptic derivatives to compute
in Fig. 5¢. As long as the relative scales of the deriva-scene depth estimate. If the four estimates in Eq. 7 do
tives were similar enough (scene not too far away) the et match, we adapt the integration domains of the tem-
ror in the motion parameters varied between 1% and 3pral, directional and positional derivative filters until we
This accurate egomotion estimate could then be usecttonpute consistent depth and motion estimates. This is
compute depth from differential measurements using ttepeated for each frame of the input video, while simul-
following four formulas (/i denotes theth row of the taneously we use the computed motion trajectory to inte-
coefficient matrixM; or M,, in EqQ. 5): grate and refine the instantaneous depth maps in a large-
baseline stereo optimization to construct accurate three-
Lo = Ly dimensional descriptions or image-based representations
fLe  fLy (e.g. [12]) of the scene.
_ [LuM} + LyMPJt + [Lu M + Ly MZw @
B f(Li + [LuM3 + L,M2|w) _
Ly + [LaM} + LyM2)t + [Ly M} + L,M2]w 6 Conclusion
fILe M3 + Ly MgJw

According to ancient Greek mythology Argus, the
where the first two equations describe the well-know cohundred-eyed guardian of Hera, the goddess of Olym-
straints of differential stereo, while the last two equatioqmis, alone defeated a whole army of Cyclopes, one-eyed
have been used in the community to compute depth magesnts. The mythological power of many eyes became
based on structure from motion constraints. real in this paper, which proposed a mathematical anal-
The analysis suggests the following plenoptic strugsis of the differential structure of the space of light
ture from motion algorithm. Using the proposed plenopays. We introduced a framework to systematically study
tic motion framework, one can envision a feedback lodpe relationship between the shape of an imaging sensor
algorithm, where we use all the plenoptic derivatives tmd the task performance of the entity using this sen-
compute an estimate of the camera motion using Eq.sér. In this paper we focused on the relation between
Since we are solving a linear system, the computationtbg local differential structure of the time-varying plenop-
the motion parameters is fast and we do not have any ctio-function and the ego-motion estimation of an imag-
vergence issues as in the nonlinear methods necessarynfgrsensor. Of course many more tasks are imaginable
single-viewpoint cameras. Then we can use the recove(id example shape and 3D motion estimation from non-



perspective imagery). The application of this framewofk0] M. D. Grossberg and S. K. Nayar. A general imaging
to the structure from motion problem resulted in a novel
linear and scene-independent constraint between the dif-
ferential structure of the plenoptic function and motion
parameters describing the instantaneous motion of the

sensor which were used to define guidelines for an c[E;l

timal structure from motion camera design.

[12]
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