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Abstract 21], and pixel or region grouping based on a certain affinity
criterion usingk-means algorithm [23] or normalized graph
Representing images with layers has many important ap-cut [18].
plications, such as video compression, motion analysis, and Initialization (the number of models and the motion for
3D scene analysis. This paper presents an approach to re-each model) is an important but difficult step for EM ap-
liably extracting layers from images by taking advantages proach [18, 21]. Without good initialization, EM algorithm
of the fact that homographies induced by planar patches in may not converge to desired optimal solutions. A typical
the scene form a low dimensional linear subspace. Layersinitialization method [1] is to divide the image into a fixed
in the input images will be mapped in the subspace, wherenumber of tiles, and use them as the initial layers for the EM
it is proven that they form well-defined clusters and can be algorithm. Followed by each EM iteration is the applica-
reliably identified by a simple mean-shift based clustering tion of MDL principle to determine the number of models,
algorithm. Global optimality is achieved since all valid re- which is realized as an exhaustive search in [1]. However,
gions are simultaneously taken into account, and noise canthe initial regular tiling does not guarantee the existence of
be effectively reduced by enforcing the subspace constraintdominant motion inside each initial or intermediate ldyer
Good layer descriptions are shown to be extracted in the which is required for the robust motion estimation of each

experimental results. intermediate layer in the M-step [1]. Moreover, if one real
layer is divided into different tiles, and if those tiles have
1. Introduction different dominant motions (or without any dominant mo-

. . . tion at all), then such an unlucky layer becomes hard to be
Decomposing an image sequence into layers has beer

proposed as an efficient video representation for coding,EXtraCted'

. . : Grouping pixels based on local measurement does not
motion and scene analysis, and 3D scene representation [Zshave the similar initialization difficulty. However, groupin
14, 2]. There are two types of layers: 2D layer and 3D Y. » grouping

layer. A 2D layer consists of 2D sub-images such that based on pure local measurement ignores the global con-

: o .~ straints. Moreover, grouping in high dimensional space is
pixels within the same layer share common 2D parametric . i !
. . : often unreliable given noisy local measurements.
transformation (or non-parametric model defined by dense . . . .
) ; In this paper, we present a low dimensional linear
smooth flow field [24]). A 3D layer consists of a 3D plane . : .
. : . subspace approach which can exploit the global spatial-
equation, the texture of that plane, a per-pixel opacity map . .
. . _“temporal constraints. We formulate the layer extraction
and depth-offset [2]. Extracting 3D layers usually requires N . .
. S . problem as clustering in the low dimensional subspace,
the knowledge of camera motion, which is essentially a '
; e where clusters become denser, better-defined, and thus
structure from motion (SFM) task, a non-trivial task for

. . more reliably identifiable.
computer vision, and may not be necessary for some appli- . .
. . . Linear subspace constraints have been successfully used
cations such as video coding, where 2D layers are usually.

sufficient. This paper focuses on 2D layer extraction from in computer vision. Tomasi and Kanade [20] used the
ent. This pap y rank-3 constraint in SFM. Shashua and Avidan [17] de-
uncalibrated images.

The three maijor issues of layer extraction are: (1) deter- rived the linear subspace of planar homographies induced

mination of the number of layers; (2) the model-based mo- by multlp_le planes between a pairs of views, Ze!nlk Manor
. ) ! . and lrani [26, 27] extended the results to multiple planes
tion of each layer; and (3) the assignment of pixels to layers. . : . i i
. ."across multiple views, and applied such constraints to esti-
Various approaches have been proposed for layer extraction

based on motion, such as mixture model estimation with mate the homographies of small regions.
Expectation-Maximization (EM) algorithm [13, 1, 25, 24, 1The presence of dominant motion of the whole image is not required.




The subspace constraints to be exploited in this paper are Eq.(1) holds for affine camera as well ([11], pp.350).
derived from the relative affine transformations collected Given uncalibrated cameras, it is known that the projec-
from homogeneous color regions. Our algorithm assumestive homography can only be determined up to an unknown
that each homogeneous color region is a planar patch. Suclscale. This is not the case for affine cameras. In affine
assumption is generally valid for images of natural scenes,camera, the 2D affine transformation canurequelyde-
and has been extensively used in motion analysis and steretermined, and we can rewrite Eq.(1) as (see the proof in
[4, 25,9, 19]. appendix):

Our subspace approach has the following advantages: myy3 = m, + e'v’. (2)

(1) clusters in the subspace become denser and betterHereInr
defined; anq (2) global optimality.is achieved by simult_a— ence planee’ = (e1, e2)T, where(ey, ez, 0) is the direction
neously taking into account all valid regions; and (3) noise ¢ gninolar lines in homogeneous coordinate in the second
in estimated motion is reduced by subspace projection, ant,amera v is a 3-vector, and is independent of the second
global geometry constraint is enforced. affine camera.

) Notice an important difference between Eq.(1) and (2).
2. Subspace of planar homographies Eq.(1) has an unknown scale while Eq.(2) does not. There-

This section shows that the homographies induced by 3Dfore, we can defineelative affine transformatioas:
planar patches in a static scene, each one as a column vector
in the parameter space, reside in a low dimensional linear
subspace. Such subspace comes from the fact that multiplgyherem, is the affine transformation induced by the refer-

planar patches in the scene share the common global camergyce plane. The reference plane can be either a real plane
geometry. The redundancy is high since there exists a largey g virtual plane.

number of homogeneous color regions in real images, most e will show that the collection of all relative affine
of which can be approximated as planar patches. transformations across more than two views resides in a
2.1. Subspace of projective homographies three dimensional linear subspacenst

Given two projective views of a static scene, any homog- Proposition 1 Given a static scene with planar patches,
raphy induce by a 3D plane in the scene can be described reference view,. and another”(F' > 1) views{v¢|f =

is the affine transformation induced by the refer-

Am =m — m,. 3

by [11]: 1,..., F'} of this scene, the collection of all relative affine
His & Agys +e'v7 1) transformations induced by theseplanar patches between
the reference view), and any other view); resides in a
Herev = (v1,vs,v3)7 defines the 3D plade[e’]x A = F three dimensional linear subspaceX®f.

is any decomposition of the fundamental maffixwhere Proof- Denote thek affine t ‘ i betw f
A is a homography matrix induced tsomeplane ([11], root. benote aiine transtormations between refer-

pp.316). ence view and view asmyi, ..., m;. From Eq.(2) we have
Am; = m; — m, = e'v], wherev;, = [vlﬁi,vngg}i]T.
Reshape eacAm; into a6 x 1 column vector, and stack
them into a matrixW]_,. The following factorization is
obvious [17]:

Givenk planes in the scene, we havdhomography ma-
tricesH;,7 = 1,2,....k. Suppose we construct a matrix
Wy by considering eacl; as a column vector. The
rank of W is known to be at mostour [17]. In other

words, all homographies between two projective views span e{ 0 0

afour dimensional linear subspace ®f. This result was el 00

extended to the case of multiple projective views, and has 02 0 V11 e Vlk

been used to accurately estimate the homographies for smaWéxk 0 }c 0 * | V21 ... U2k
planar patches [26]. 0 602 of V3,1 e U3k g g
2.2. Subspace of relative affine homographies L0 0 ez Los

Affine camera [15] is an important model usable in prac-
tice. One advantage of affine camera is that it does not
require calibration. Moreover, when perspective effect is whereV is common to all views. Therefore, we have:
small or diminishes, using affine camera model can avoid
computing parameters that are inherently ill-conditioned
[16, 10].

= E£><3 * Vi

wi E!
w2 E?

, o _  Wepxr = = * Vi (4)
2We ignore the degenerate case where a plane is projected into a line in

. F F
the image. W 6F xk E 6Fx3
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Figure 1.Results on synthetic sequence, where both cam- ! -
. . . i Subspace clustering

era and objects are moving independently: (a) and (b) two by mean-shift algorithm
frames of the synthetic sequence; (c) the layer map by clus-
tering in the 2-D subspace; (d) the eigenvalues of matrix \ Layer refinement \
Woan. b

Extracted layers

The matrix dimension on the right-hand side of Eq.(4)
implies that the rank oW is at most 3¢ Figure 2.0verview of layer extraction algorithm.

From Eq.(4) we can see that the subspace comes from . )
the fact that multiple planes share the common camera ge3. Layer extraction algorithm
ometry, i.e., the direction of parallel epipolar lines. The ma-  Fig (2) shows the steps of layer extraction algorithm.
trix W is built from the motions of planar patches. We can The input is two or more images, with one of them selected
exploit high redundancy by using subspace since there ex;s the reference view frame. The reference image is seg-
ists a large number of homogeneous color regions in realmented based on static color information. It is in general
images, many of which are planar patches. Multiple views safer to over-segment, so that each segment corresponds to

have more redundancy. For the spedmtantaneou$io- 5 single planar patch. Then an affine or translational mo-
mography, there is a similar definition of relative projective tion is estimated with respect to each other frame for each
homography and its subspace [27]. color segment. Then the region sampling algorithm will se-

lect valid color segments, and the affine motions from these
selected color segments are used to compute the linear sub-
The actual dimension of the subspace, i.e., the rank ofspace. Data points in the subspace are then generated by
W in Eq.(4), depends on the scene planes and the camerarojecting the affine motion into the subspace. We use the
geometry, and could blewer than three. For example, if mean-shift based clustering technique [5, 7] to derive the
all planes are parallel to each other (not necessary front-initial layers. Finally, the un-selected color segments are
parallel), or if there is only one plane in the scene, then the assigned to layers in the layer refinement step.
subspace dimensiondmeinstead of three. ) _ _ _
Another important fact is that the assumption of static 3-1. Color segmentation and motion estimation

2.3. Dimensionality of subspace

scenes is a sufficient condition nat a necessargne. This Our layer extraction algorithm assumes that pixels in-
means that even with moving objects in the scene, we mayside each color segment belong to the same layer, and the
still have a low dimensional linear subspace. motion of each color segment can be described by a 2D

To verify the above observation, let us consider the fol- parametric model, such as affine or projective homogra-
lowing situations. A 3D scene consists of three pldnes phy*. We use the color segmentation algorithm proposed
with the table plane stationary and foreground and back-by [6]. Since color segmentation is not our final goal, over-
ground planes moving upward and downward indepen-segmentation has been used here in order to assure the va-
dently. At the same time, a pinhole camera is zooming out, lidity of the above assumption to the largest extend. Such
translating horizontally, and rotating about its optical axis. assumption is generally valid for over-segmented images of
Under such camera motion, each plane in the scene willnatural scenes, and has been successfully used in motion
induce an affine transformation. Fig.(1) shows the two ren- analysis and stereo [4, 25, 19].
dered frames. With” = 1, andk = 31 patches (1 on fore- For every color segment in the reference frame, we di-
ground plane, 15 on background plane, 15 on table plane)rectly estimate a parametric motion using a simple hierar-
the eigenvalues oW 31, shown in Fig.(1d), clearly show  chical model-based approach with robust estimation [3, 1,
that the dimension of subspacetiso. In the next section

we will describe in details how to derive the subspace. “Note that color segmentation is applied only on the reference image.
We directly estimate the motion of each region without doing region cor-

3Each plane is made of many color patches. respondence between reference image and other images.




4]. In our experiment, translational or affine model is esti-
mated depending on the area support of each color segment.

Large color segments usually still have enough intensity
variation to estimate affine motions. For a segment with
little intensity variation, a translational motion can still be
reliably estimated from the boundaries of color segment, if
there is not occlusion.

3.2. Two-pass region sampling

To derive the subspace, we must select regions to be used
to build the matrixW in Eq.(4). Those regions must be the
ones for which affine motions are estimated, and in general,
they should uniformly distribute over the reference frame,
so that each layer in the image domain will have enough
samples and form a dense cluster in the feature space where
clustering is performed.

A straightforward region sampling method is to divide
the reference frame into smaidlx »n blocks, and then select
the blocks where an affine motion can be estimated [23].
Since affine motions are usually not available or erroneous
in smalltextureless blocks, a layer containing large homo-
geneous color regions will not have enough number of sam-
ples to become a single dense cluster in the feature space.
On the other hand, a layer with rich texture may have much
more samples and the clustering algorithm may bias toward
such layer.

To deal with the above problems while at the same time
uniformly sample the reference image, we design a two-
pass sampling approach based on color segmentation, as
illustrated in Fig.(3). In the first pass, color segments for
which affine motions have been estimated are selected as
region samples The remaining un-selected areas are used
in the second pass. Such remaining areas usually have rich
texture and contain many small color segments where only
translational motions are available. In the second pass, the
reference image is divided intox n blocks ¢ = 20 in our
experiments). For each block containing more than 80%
of un-selected pixels, we re-estimate an affine motion using
the un-selected pixels inside this block. If the intensity
residual of such estimated motion is small, the un-selected
color segments inside such block are chosen as region sam-
ples.

3.3. Computing subspace

Computing the subspace of homographies involves
building and factorizing the matri¥V in Eq.(4), which has
been constructed from the affine transformations ofihe
selected region samplesi;, i = 1,2, ..., k.

There are three important implementation details in
building W:

First pass Second pass

Figure 3.Two-pass sampling. Solid lines in the figures
show the boundaries of color segments. In the first pass,
color segmentsi, B, C' are selected. The remaining color
segments are small. In the second pass, the image is di-
vided inton x n blocks. BlocksD-H are selected since
they contain more than 80% of un-selected pixels. Affine
motion for each selected block is estimated based only on
the unselected pixels inside it.

plane. In practice, we found the average transforma-
tionm = ¢ Zle m, serves as a good reference affine
transformation induced by some “virtual” pléne

e The area of each selected color segment is to be taken

into account. For a selected color segmentcontain-

ing n pixels, we reshapAm,; into a6 x 1 column vec-
tor, and then put columns ofAm; into W’. In other
words, regions with larger area have larger weights.
Obviously adding such weight does not change the
rank of W.

e We scale the different components in the affine trans-

formation, such that a unit distance along any com-
ponent in the parameter space corresponds to ap-
proximately a unit displace at the image boundaries
[23]. Such scaling makes the subspace approximately
isotropic. We use the image width as the scale factor.
Specifically, the matritW g, is left-multiplied by the
following scale matrix:

0

coooco o8
oo o o=R

coo~R OO
OO R oo o
o oo oo
—o oo oo

Again, such linear transformation does not change the
rank of W, or the dimension of the subspace. Let us
denoteW = SW. In practice, we found tha is not

a sensitive parameter. The final results do not change
for a wide range of the in matrix S.

We use SVD algorithm to factorize the matiV¥:

W = Usx6Z6x6 Vi (%)

e We can choose one color region with large area sup-

SNotice thatm is induced by some world plane (either real or virtual)

port and good motion estimation as the reference if and only if there existsF = [e/]xm, whereF is the fundamental

5A simple outliers detection is applied here. Regions with large regis-
tration error are considered as outliers.

matrix[11].
7If we do not use the average transformatiaras reference, we need
to subtract mean from each column.



The diagonal o& contains the eigenvalues of W in de- based clustering algorithm. The value of this parameter can
creasing order. The actual rank W depends on the cam- be derived from the covariance matrix . According
era and the planes in the scene, and is detected by [12]:  to [6], in our experiments it is to be set proportional to

E(’j—o 2 o = y/trace(cov(W)). We have found by experiments
S5 5>t (6)  thatr = 0.30 produces the desired results. We will also

i=0 % show different layer extraction results by varyingver a

whered is the rank ofiV’, and¢ determines the noise level Wwide range 0f0.30, 1.30].
we want to tolerate.

The linear subspace is defined by the fidlstolumns
of U, which are the bases of the subspace. The motions Fig.(4a) and Fig.(4b) show two frames of thawer gar-
of the region samples are projected into this subspace aslensequence, where the scene is static and the camera is
YaxaV,l. ., where each column becomes a feature point in translating approximately horizontally.
thed-dimensional subspace. Fig.(4c) shows the color segmentation result on the ref-

3.4. Layer initialization by subspace clustering erence image by applying the color segmentation algorithm

We now apply a clustering algorithm to the data points with over-seg_mentation class proposed in [6]. Fig.(4d_)
in the d-dimensional subspace for initial layers. The mean- ShOW_S the region sgmples selectgd by the t\/\{o—pass sgmplmg
shift based clustering algorithm, proposed by Commaniciu algorithm, and the initial layers via mean-shift clustering in

and Meer [6, 7], has been successfully applied to color seg—ﬂ:e .subipace. Thfe ElaCk rleg!ons are un-selected rleglogs.
mentation and non-rigid object tracking [6, 8]. We adopt otice that most of the occlusion regions are not selected,

this algorithm because: (1) it is non-parametric and robust; perhaphs_ ?\ue to me two-pass Zamplmg z;lgontrr:mk.] Four Iay(-j
(2) it can automatically derive the number of clusters and ers (which roughly correspond to tree, branch, house, an

the cluster centers. Refer to [6, 7] for a clear description ﬂqwer_bed) have. beenidentified by the clustering algorithm,

and details on this algorithm. with window radiusr = 0.30 yarden, Whereo garden = 4.5.

A critical parameter in this clustering algorithm is the The tree layer and Fhe branch layer c_ontaln large color seg-
window radiusr of mean shift. This parameter determines ments and are easier to extract. Notice that the flower bed

the resolution of segmentation. We will show results over a and the house consist of mostly small regions. The subspace
range ofr clustering successfully identifies them as two separate lay-

ers.
3.5. Layer refinement & post-processing Fig.(4e) shows the four layers after the layer refinement
Once we have the initial layers given by subspace clus-step but without post processing. Every initially unselected
tering, we re-estimate an affine motion for each initial layer ¢o|or segments has been assigned to one of the layers.
by using all of the region samples inside that layer. Then Fig.(4g-j) shows the four layers where the small spurious

we re-assign every color segm%m the layer that predicts  eqions are assigned to neighbor regions based on motion
its motion best. This layer refinement is similar to one EM affinity by the post processing step.

iteration in its goal, but without the probabilistic notion.

There are some spurious small regions, largely due to4.2.mobisequence
outliers. We have an optional post-processing step to re-
move such regions, by assigning them to their neighbors
with similar motions. Such post-processing is desirable
since a small number of compact layers are preferable for
applications such as video compression.

sqrt(

4.1.flower gardersequence

The mobile & calendarsequence is used to show that
static scene assumption in the analysis of Section 2 is a suf-
ficient condition bunot a necessary onén this sequence,
the train is pushing a rotating ball leftwards, and the calen-
dar is pulled upwards, while camera is panning and tracking

4. Experimental results the train. . -
This section presents the experimental results of two real  F19-(5d) shows the region samples and initial layers
image sequencefiower garderandmobile & calendar by mean shift clustering withr = 0.30m00i, Where

There are two parameters that need to be specified. On@movi = 3.2. Again we notice that most of the occlusion
is the noise level parametein Eq.(6) for determining the ~ égions arein the un-selected black regions. Fig.(5e) shows

dimension of the subspace. In the following experiments, the result of layer refinement but without post processing.
both sequences were found to have a two-dimensional supNote that the ball (in the lower middle) is extracted suc-
space witht = 95%. The other parameter is the win- cessfully. Although its area support is small, its motion is

dow radiusr. It is a critical parameter in the mean-shift distinct and it forms a separate cluster in the subspace. In
previous work of layer extraction on this sequence, for ex-

8Including the color segments that are not selected in the two-pass re-amp|e in [1], the ball layer tends to be missed since its mo-
ion sampling step. L S . . . .
g pling step tion is not dominant in any initial or intermediate layer.




(c) segmentation

(e) 4 layers extracted (f) without subspace

(h) Layer 2

(i) Layer 3 () Layer 4

(k)

Figure 4.Results offlower gardensequence. (a) and (b)
Two frames of the sequence; (c) Color segmentation map;
(d) Selected regions and initial layer map by clustering in
the 2D subspace, where black indicates un-selected regions;
(e) Layers after refinement; (f) Noisy layers extracted using
the original six dimensional parameter space instead of sub-
space; (9)-(j) Four layers extracted after post-processing;
(k) & (m) Layer maps by increasing the window radius of
mean-shift algorithm.

(m)

4.3. Increasing window radius

In this experiment, we vary the window radingo see
how the segmentations of different resolutions are derived.
Fig.(4k) and (4m) show the layer maps obtained when in-
creasing the window radius @70 4,den aNd1.30g4rden
respectively. Notice that in Fig.(4m), part of the branch
layer is erroneously merged into the background layer.
Fig.(5k) and (5m) are fomobisequence.

The functionality of parameteris similar to the “coding
length” of MDL [1]. However,r is easier to understand and
is more natural to set, in a way similar to the variance of
Gaussian in [25].

4.4, Comparison with clustering without using sub-
Sspace
To demonstrate the advantages of using subspace, we
also show the results of layer extraction without using sub-
space. To make the window radius comparable in both
cases, we have scaled them by the following factor:

_sqrt(af 4+ af 4 ...+ af) @
N sqrt(ad + a?)
whereq;’s are the eigenvalues W,
Fig.(4f) and Fig.(5f) are the results of clustering in the
original six-dimensional affine parameter space, with-
s x 0.30. Some layers are split into two or more layers,
possibly due to the fact that in the high dimensional space,
the data are sparser and the cluster are not as well defined
as in the low dimensional space. Also some regions are
assigned to wrong layers.

5. Conclusion

We have presented a subspace approach to extracting 2D
layers from image sequence. The low dimensional subspace
makes the cluster better-defined and easier to extract. It also
effectively reduces noise introduced in the step of motion
estimation. The local spatial coherence is also exploited
by assigning color segments to layers, instead of assigning
individual pixels. Together with the mean-shift based clus-
tering algorithm, we have demonstrated that the use of low
dimensional subspace leads to good layer descriptions on
real images.

The results shown in this paper are based only on two
views. For multiple views, the algorithm presented in this
paper can be readily applied without any change. The only
difference between two-view and multiple-view cases is the
format of matrixW. The multi-view algorithm will pro-
duce better results, as long as for each color segment in the
reference view, its motions to other views can be estimated.
We are currently experimenting with the case of multiple
views.

9Further increasing will eventually results in a layer map with only
one layer in it.
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(c) segmentation

(g) Layer1 (h) Layer 2

(i) Layer 3 () Layer 4

(k)
Figure 5.Results ofmobile & calendarsequence. (a) and
(b) Two frames of the sequence; (c) Color segmentation
map; (d) Selected regions and initial layer map by cluster-
ing in the 2D subspace, where black indicates un-selected
regions; (e) Layers after refinement; (f) Noisy layers ex-
tracted using the original six dimensional parameter space
instead of subspace; (g)-(j) Four layers extracted after post-
processing; (k) & (m) Layer maps by increasing the window
radius of mean-shift algorithm.

In this paper, we used SVD to compute the subspace.
Given Gaussian noise, SVD achieves global optimality in
the sense of least square error. If the data contain outliers,
robust algorithm can be used for deriving the subspace [22].
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. where D (unit 3-vector) denotes the direction of parallel lines
Appendix PPy, PLP{, PP}, and [P Py, PLP{, PP}| = D x [ko, k1, k2],

Pgrametr?c representation/of affine transformation: Given with k; denoting the length of line segmeRP;. [ko, k1, k2] is
a pair of affine camerag).,v’, and a reference plane,, we independent of camer#.

can represent any other affine transformation, x5 induced by Denotee’ = [e 62]T — M'+D (Itis obvious thafes, e O}T
aplaner,, by: is the direction of epipolar lines in homogeneous coordinates in

T

_ /
m=m;+ev, camera)’). From Eq.(10) we have:

wherem, is the affine transformation induced by reference plane "o ., S —

7 e = (e1,e2)”, and the homogeneous coordinates, ez, 0) [p07p17p2] = [p07p17P2] + |PoPo» P1P15 P2P2

is the direction of epipolar lines in camera. v7 = (vy, va,v3) = [pf),piaplz] + € [ko, k1, ka] (12)
is a 3-vector independent of cameya
Substitute Eq.(11) and Eq.(8) into Eq.(9), we have:
Proof: Without loss of generality, let us choose three non-

collinear point§ Py, P1, P>] on 3D planer,. We ignore the degen- moxs3 } . [ pPo P11 D2 }

erate case where a plane projects onto a line in the cameraimag- | 001 1 1 1

ing plane. [Py, P1, P»] projects onto three non-collinear points m, po p1 p2 e 12)
[po, p1, p2] In cameray,., and [py, p,ps] in cameray’, where = { 001} * { 1 1 1 } + { 0 } * [ko, ka, k2]

pi = (x,y)" andp] = (2/,y")T are 2D image coordinates. There
exist three non-collinear poin{®;, Py, Ps] on planer,, that will
also project ontdpo, p1, p2] in cameray,.. Denote the image
points of [Py, P[, P;] in cameras)’ as [pg, p!, ps], as shown in P33 =
Fig.(6).

Since an affine transformation is uniquely determined by three
pairs of non-collinear corresponding points, we have:

Since [po,p1,p2] are non-collinear points, the matrix

plo pl1 plQ is non-singular andP;, exists.

Therefore, from Eq.(12), we have:

m =m, + e *[vg,v1,v2] (13)

Po Pi P2 | _| me | | Po p1 P2 8 Here [e",0] is the direction of epipolar lines
1 1 1 001 1 1 1 ®) : ; ;

in  homogeneous coordinate in  cameray’, and

v = [vo,v1,v2] = [ko, k1, ko] * Py, 5. It is obvious that

i T

vt ot ] [ maxs o pL e © the 3-vectow ! is independent of the second camerac
1 1 1 001 1 1 1



