Combined Central and Subspace Clustering on Computer Vision Applications

Abstract Subspace clustering can also be used to obtain a piecewise
linear approximation of a manifold, as we will demonstrate

in our real data experimentsExisting subspace clustering
methods include Ksubspaces (Ho et al., 2003) and Gener-
alized Principal Component Analysis (GPCA) (Vidal et al.,

b; Vidal et al., a), which make no assumption about the dis-
tribution of the data inside the subspaces. Methods such
as Mixtures of Probabilistic PCA (MPPCA) (Tipping &
Bishop, 1999) further assume that the distribution of the
data inside each subspace is Gaussian and use EM to learn
the parameters of the mixture model.

Central and subspace clustering methods are at
the core of many segmentation problems in com-
puter vision. However, both methods fail to give
the correct segmentation in many practical sce-
narios, e.g., when data are close to the intersec-
tion of subspaces or when two cluster centers in
different subspaces are spatially close. In this pa-
per, we address these challenges by considering
the problem of clustering a set of points lying in

a union ofn subspaces and distributed around
cluster centers inside each subspace. We pro- Unfortunately, there are many applications in which nei-
posed a natural generalization of Kmeans and ther central nor subspace clustering individually are appr
Ksubspaces by combining central and subspace  priate®. To illustrate this argument, we first show two toy

clustering into the same cost function. It results examples: subspace clustering fails when the data set con-
in an algorithm with easy implementation. Ex- tains points close to the intersection of two subspaces, as
periments on synthetic data compare our method ~ shown in Figure 1. Similarly, central clustering fails when
favorably against four other methods. The vali- two clusters in different subspaces are spatially close, as
dation of our method is also demonstrated with shown in Figure 2.
real computer vision problems such as face clus-  paper contributions. In this paper, we propose a new clus-
tering with varying illumination and video shot tering approach that combines both central and subspace
segmentation of dynamic scenes. clustering. We obtain an initial solution by grouping the
data into multiple subspaces using GPCA and grouping the
1. Introduction data inside each subspace using Kmeans. This initial so-

lution is refined by minimizing an objective function com-
posed of both central and subspace distances. This com-
bined optimization leads to improved performance of our
g1ethod over five different clustering approaches in terms
of both clustering error and estimation accuracy. Real ex-
amples on illumination-invariant face clustering and wde
Central and subspace clustering are arguably the most stughot detection are also performed. Through the visual-
ied clustering problems. leentral clusteringdata samples ization of real video data in their feature space, we find
are assumed to be distributed around a collection of cluster—— ] ) )
centers, e.g., a mixture of Gaussians. This problem shows . hile techniques for leamning manifolds from data already

. - . . exist, e.g., (Weinberger & Saul, 2004), manifold parsing i&ry
up In many V'.S'On taSk‘?" e.g.,image segmentation, and Cafifficult machine learning problem and has not been so wetl-st
be solved using techniques such as Kmeans (Duda et algd.
2000), Expectation Maximization (EM) (Dempster et al.,  2In motion segmentation, for example, there are two motion
1977). Insubspace clusteringlata samples are assumed subspaces where each of them contains two moving objects and
to be distributed in a collection of subspaces. This probIerrﬁjl":’fr’inc’l-"lr‘;’gvsinfronrf gfgrigr;;tr:r%té?g ds}lrjwbsl%iceiﬁ ag‘;ssep dat(')iuggﬂ
shows up .|n various V'S_'On applications, such as mOtIOI']only, %ne ma;glJ argue that the problemgcanrl)aegsolved by subspace
segmentation (Kanatani, 2003; Vidal & Ma, 2004), face cjystering of motion subspace alone. However, if one iséstied
clustering with varying illumination (Ho et al., 2003; Vida in grouping the individual objects, the problem can not bdl we

etata),image and video segmentation (Vidal et al., a), et solved using central clustering of spatial locations aldeeause
o ) ) the two spatially close objects under different subspaaason-
Preliminary work. Under review by the International Coefece  fse central clustering. In this case, some kind of commnaf

on Machine Learning (ICML). Do not distribute. central and subspace clustering should be considered.

Many problems in computer vision require the efficient
and effective organization of huge-dimensional visuaadat
for information retrieval purposes. Unsupervised leagnin
mostly clustering, provides a possible way to handle thes
challenges.
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that data samples iR? are usually distributed on complex berships is to assign each point to the closest center. Given

shaped curves or manifolds, as shown in Figure 9 and &e memberships, the optimal solution for the cluster cen-

With encouraging clustering results, our experiments alsders is given by the means of the points within each group.

validate that subspace clustering can be effectively used tThe Kmeans algorithm proceeds by alternating between

obtain a piecewise linear approximation of complex mani-these two steps until convergence to a local minimum. Ini-

folds. tialization is usually done at random, or by choosing a ran-
dom subset of the data points as initial cluster centers.

Note also that whem = 1 Problem 1 reduces to the clas-
sical subspace clustering problem. As shown in (Ho et al.,
2003), this problem can be solved with an extension of
Kmeans, called Ksubspaces, which solves for the subspace
normal bases3; and the membership of theth point to

Figure 1.Left: A set of points drawn from the x-y plane (blue) and the j-th subspacew;; € {0,1}, by minimizing the cost
the y-z plane (red), and distributed around two cluster eein-  function
side each plane. Note that some data points are drawn from the P n
intersection of the two planes (ie. y-axi€enter: Subspace clus- - NBT 2112
tering by GPCA incorrepctly as(sign); all ﬁle:points onefhe 5aa Jrs = Z Z Wi ”Bj il @
the y-z plane (red)Right: Central clustering by applying Kmeans
to the two groups given by GPCA incorrectly assigns poini84in  subject to the ConstraintBjTBj =7, forj=1,...,n,
whereZ denotes the identity matrix. Given the normal
bases, the optimal solution for the memberships it to as-
sign each point to the closest subspace. Given the mem-
. berships, the optimal solution for the normal bases can be
N i e obtained from the null space of the data within each group.
- - The Ksubspaces algorithm proceeds by alternating between
these two steps until convergence to a local minimum.

i=1 j=1

.o
B a4
“ &

Figure 2.Left: A set of points drawn from the x-y plane (blue) In thi . . din th | b
and the y-z plane (red), and distributed around two clustar-c n this section, we are interested in the more general prob-

ters inside each plane. Note that one of the blue clustBry {s €M Of » > 1 subspaces anth > 1 centers per sub-
spatially close to one of the red clusterds). Center: Central ~ SPace. In principle, we could also solve this problem using
clustering by Kmeans assigns some pointsiinto B,. Right: Kmeans by interpreting Problem 1 as a central clustering
Subspace clustering using GPCA followed by central clisger problem withmn cluster centers. However, Kmeans does
inside each subspace using Kmeans gives the correct dhugter not fully employ the data’s structural information and can

into four groups. cause undesirable clustering results, as shown in Figure 2.
2. _Com ined Central and Subspace Cluster-  thys, we propose a new algorithm which combines the ob-
Ing jective functions (1) and (2) into a single objective, and is

In this paper, we consider the following probleRroblem  natural generalization of both Kmeans and Ksubspaces to
1: Let {z; € RP}L | be a collection of points lying ap- simultaneous central and subspace clustering.

) . T T .
proximately inn subspaces; = {z : B; = = 0} with For the sake of simplicity, we further assume that the

D—d;)xD ithi ; - .
normal base$B; € R' ])X, }i—1- Assume that within - g pspaces are of co-dimension one, i.e. hyperplanes, so
each subspacg; the data points are distributed around 3¢ \we can represent them with a single normal vector

D\ k=1... i P i . .
cluster centerg ;. € Rk_}ijzl...:f- Given{z;};_;, esti- . ¢ RP. We discuss the extension to subspaces of any
mate{B;}7_; and{p;x}i=1 0" dimensions in Remark 2. Our method computes the cluster
Note that whem = 1 Problem 1 reduces to the standard C€nters and the subspace normals by solving the following
central clustering problem. A popular method for solving Ptimization problem
this problem is the Kmeans algorithm, which solves for the P

cluster centerg;, and the membership of theth point to min Z Zwijk ((bijci)Q ¥l — ij”%;)
the k-th cluster centerw;;, € {0,1}, by minimizing the =1 =1 k1
within class variance subject to bijj —1,j=1,....n 4)
P m T .
Tow =YYl mlt @ b =0 =1k = )

i1 k=1 iiwwzl,izl,...,P (6)

Given the cluster centers, the optimal solution for the mem-
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wherew;;; € {0,1} denotes the membership of thi¢h  then the columns ofX; = S;V; € R(P-1xF; agre a
point to thejk-th cluster center. Equation (3) ensures thatset of vectors ifRP—! distributed aroundn cluster cen-

for each pointz;, there is 4, k) such that bothb ;| and  ters. We can apply Kmeans to segment the columns of
|lx: — 11| are smafl, equation (4) ensures that the nor- X;- into m groups and obtain the projected cluster centers
mal vectors are of unit norm, equation (5) ensures that eaC{‘M}k € RP~1}m . The original cluster centers are then
cluster center lies in its corresponding hyperplane, égoat given by, = U;u, € RP.

(6) ensures that each pointis assigned to only one ofithe !

cluster centers. Computing the memberships: Since the cost function is

Using the technique of Lagrange multipliers to minimize Ways positive and linear im;;, the minimum is attained

the cost function in (3) subject to the constraints (4)—(6)PY choosingu;;x = 0. However, sincg_;, wi;. = 1, the

leads to the new objective function wijr, multiplying the smallest(b, z:)? + ||®; — ;i ]|?)
must be 1, hence

P n m
EZZZZwi,jk((b;’rwi)Q'f‘Hmi_Mjk”Q)‘l‘ - {1 if (i,7) = argmin ((b) @:)? + ||z — 11512
(7)

i=1j=1k=1 0 otherwise
DD Aawlbj )+ 0;(bb;—1).
j=1k=1 j=1

Computing the cluster centers: From the first order con-
Similarly to the Kmeans and Ksubspaces algorithms, walition for a minimum we have

minimize £ using the following coordinate descent mini- P
mization technique. 684 = —2Zwijk (i — pje) + Aeb; = 0. (9)
Algorithm 1 (Combined Central and Subspace Cluster- Hik =1
ing) After left-multiplying (9) byb, and recalling thab | 1), =

0andb, b; = 1, we obtain

1. Initialization: Obtain an initial estimate of the normal vec- '
tors{b; }7—, and cluster center§.;,. }¥=! " using GPCA P

followed by Kmeans in each subspace. Aji =2 Z wiljk(b;wi). (20)
i=1

2. Computing the membershipSiven the normal vectors o ) . o
{b;}7_, and the cluster centefg,;, }*=]m, compute the ~ After substituting (10) into equation (9) and dividing by
membershipgw;x }. two, we obtain

3. Computing the cluster centersGiven the memberships P P T
{ws;x } and the normal vectorgb; }7_,, compute the clus- — Zwijk(:ni—ujk) + Z wikbib; x; =0 —
i=1

ter centers{yu;, Yh=1 . i=1

4. Computing the normal vectarsGiven the memberships
{wi;i} and the cluster centexge; }¥=! ", compute the
normal vectorgb; }7_;.

T\ it Wigh i
pr = (T = bjb; ) =F———
i=1 Wijk

5. Iterate Repeat steps 2,3,4 until convergence of the memWhereZ is the identity matrix inR”. Note that;, has a
berships. simple geometric interpretation: it is the mean of the point
in the jk-th cluster, projected onto theth hyperplane.

The fqllowing subsections describe each step of the a|9000mputing the normal vectors: From the first order con-
rithm in detail. dition for a minimum we have

P m m
Initialization: Since the data lies in a collection of hy- 9L T
_ _ 9~ 9 k(b @)z Akt + 28;b; = 0.
perplanes, we can apply GPCA to obtain an estimate oPb; ;;wﬂk( j @)@+ kz::l ik bk 7+ 20505

the normal vectorgb;}7_; and segment the data into (11)
groups. LetX; € RP*Fi pe the set of points in thg- o . o

th hyperplane. If we use the SVD ok, to compute a After left-multiplying (11) byb; to eliminate\;; and re-
rank D — 1 approximation ofX ; ~ U;S;V;, whereU; €  calling thatbjTujk = 0, we obtain

RDX(Dfl)’ Sj c R(Dfl)X(Dfl) and‘/j c R(Dfl)XPj’

. T,..\2
3The other reason to employ the sum of two distances here is 0j = — Z wijk(bj x;)". (12)

P m
to be consistent with the log-likelihood formulation in rark 1. i=1 k=1
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After substituting (10) into equation (11) and recallingtth
b i, = 0, we obtain

P m
O wijk(@i + pj)a] +6;1)b; =0.|  (13)

1 k=1

1=

Then b; is the eigenvector of S22 ST wijn(@; +

wik)x] + 8;7) associated with its smallest eigenvalue,

which can be computed using the SVD.
Remark 1: Maximum Likelihood Solution

Notice that in the combined objective function (7) the
term |bjT:1:i| is the distance to thg-th hyperplane, while
lz; — w k| is the distance to thgk-th cluster center. Since
the former is mostly related to the variance of the noise in
the orthogonal direction to the hyperplané, while the
latter is mostly related to the within class varianazﬁ, the

magnitudes of these two distances need to be taken into ac- i
count. One way of doing so is to assume that the data is

generated by a mixture ofin Gaussians with means;;
and covarianceX ;i = o2b;b; + 02(Z — b;b] ). This
automatically allows the vanances inside and orthoganal t
the hyperplanes to be different. Application of the EM al-
gorithm to this mixture model leads to the minimization of
the following normalized objective function

P m
(b; zi i — pji]
L= > w (e + LD og(ay)
i=1 j=1 k=1 ®

wherew; jx, o exp(— ® 20;) ””312:”“” ) is now the prob-

ability that thei-th point belongs to thek -th cluster center,
ando~? = ¢,° — 0,;%. The optimal solution can be ob-
tained using coordmate descent, similarly to Algorithm 1,
as follows

P bJT:IJZ
Ajk =2 E Wijk——5—

- g

i=1 ®

P T
Zi:l Z?:l 2?21 wz‘jk(bj iBz‘)2
P
Zi:l Z?:l Z;cn:l Wijk

Zijk wijk(Hwi — wikll® = (b;wi)g)

P n m
(D-1) Zi:l Zj:1 Zk:l Wijk

Remark 2: Extension from hyperplanes to subspaces

o =

2 _

u

In the case of subspaces of co-dimension larger than one,
each normal vectob; should be replaced by a matrix of
normal vectorsB; € RP*(P~di) whered, is the dimen-
sion of thej-th subspace. Since the normal bases and the
means must satisf | 11, = 0 and B, B; = Z, the objec-

tive function (3) should be changed to

YD wign(I1B] will® + Il — pull*)+

j=1 k=1

E:

D

P
=1

ZZ (B] ujn) +Ztrace(A B] B; - 1)).
j=1 k= j=1

(14)

where);; € R(P~4) andA; € RIP=4)x(D=d)) gre, re-
spectively, vectors and matrlces of Lagrange multipliers.
Given the normal basi$;, the optimal solution for the
means is given by

(I B BT)Zil wijkwi
Hik =\ = bbby )= p———
2z
One can show that the optimal solution foh;

is a scaled identity matrix whose diagonal entry is

P m .

§; =it ijlwiijBchciHQ. Given §; and
ik, B; can still be solved from the null space of
(O S wigk (s + pye)x] + 6;T) which can be
proved to have dimensiol — d;.

1 Wijk

3. Experiments

3.1. Comparison of clustering performance with
smulated data

We randomly generate 600 data pointsRA lying in 2
intersecting plane$Sj}§:1 with 3 clusters in each plane

{;ij}7 1 =%, as shown in Figure 3. 100 points are drawn
around each one of the six cluster centers according to a
Gaussian distribution witlr, = 1.5. The angle between
the two planes is randomly chosen fr@®o® ~ 90°, and

the distance among the three cluster centers is randomly
selected in the rang& 50, ~ 50,,. Gaussian noise with
standard deviation, is added in the direction orthogonal

to each plane. Based on the simulated data, we compare 5
different clustering methods:



Submission and Formatting I nstructionsfor ICM L -2006

e Kmeans clustering ifR3 with 6 cluster centers, then Data map in 0° of simulation for performance comparison
merging into 2 planes(M), 8
e MPPCA* clustering using 6 cluster centers, then 6

merging them into 2 planesAP),

e Ksubspaces clustering iR3, then Kmeans within
each planeS;;j = 1,2 gKK), o

e GPCA clustering inR®, then Kmeans within each
planeS;; j = 1,2 (GK),

e GPCA-Kmeans clustering for initialization followed
by combined central and subspace clusterii@)(as
described in Section 2 (Algorithm 1).

Figure 4 shows a comparison of the performance of the
above methods in terms of clustering error ratiasd the
error in the estimation of the normal directions in degrees.
The results are the mean of the errors over 100 trials. Ifigure 3600 simulated data points i&* lying in 2 intersected
can be seen in Figure 4 that the errors in clustering an@lanes with 3 clusters in each plane.
normal vectors of all four algorithms increase as a functior comaison o custering evors underaiterent raos o a, 1, CCMPASEN Of erors o nomal nder aferent2ios o,
of noise. MP achieves better performance thiM and P
KK for large levels of noise, probably via its probabilis- s~ = GhCh kmeans-opimiza
tic formulation. The two stage algorithmkKK, GK and
JC, in general perform better thaftM andMP in terms
of clustering error. The random initialization based meth-
ods,KM, MP andKK, have non-zero clustering error even
with noise-free data. Within the two stage algorithii& —
begins to experience subspace clustering failures more fre
iqzl;?igt:]y amemg LeCS:\i/ﬁéeKng:;;&:dgri ;?Ossgsg?ggig;gal-ﬁgure 4.Left_: Clusteri_ng error as a function of noise in the data.
. . - Right: Error in the estimation of the normal vectors (degrees) as
;qutpn <_)f one-shot subspaf:e clustering, thus av0|d|eg. th, function of the level of noise in the data.
initialization problem. The incorrect subspace clustgrin o N ) o i
of KK can cause the estimate of the normals to be very in®/6 Viewing conditions (9 poses 64 illumination condi-
accurate, which explains wh¢K has worse errors in the tions). Here we o_nIy consider the |IIum|nat!on variation
normal vectors thakM andMP®. In summaryGK and for face c_Iusterlng in the_z case of frontal face images. Thus
JC have smaller average errors in clustering and normaPUr t@sk is to sort the images taken for the same person

vectors tharK M, MP andKK . The combined optimiza- by using our combined central-subspace clustering algo-
tion procedure o8C converges withir2 ~ 5 iterations ac-  1ithm. From (Ho et al., 2003), we know that the set of

cording to our experiments, which further advocal€s all images of an assumed Lambertian object (such as a hu-

o o o
o 5 o
2 & 8

clustering error ratio

o
g g
3 8
errors of normal (degree)
O

10 2 8 10

4 7 4 6
ratios of o, /o % ratiosof 6_/a %
b “n b "

clustering performance. man face with a fixed pose) taken under all lighting condi-
o _ tions forms a cone in the image space which can be well
3.2. Applications with real data approximated by a low dimensional subspace. Thus im-

age sets of different subjects consist of different subspac
Since the number of pixel& of each image is in general
much larger than the dimension of the underlying subspace,
The Yale face database B (Ho et al., 2003) contains a colPCA (Duda et al., 2000) is first employed for dimension-
lection of face image$; € RX of 10 subjects taken under ality reduction. Successful GPCA clustering results have
been reported by (Vidal et al., a) for a subset of 3x64 im-

5 - Ve ) ages of subjects 5,8,10. The image resolution used in (Vi-
By considering both central and subspace clustering, eac

data point has 2 labels after computation. Therefore thé dina Hal e_t al., a) 'S. 30x40 pixels "’?”d 3 PCA componentg are
ror percentage is the result of the total error counts divithe considered as image features in homogeneous coordinates.

1200 = 2 x 600. In this paper, we further explore the performance of com-
®In order to estimate the plane normals, we group 6 clusterdbined central-subspace face clustering under more complex

returned byKM or MP into 2 planes. The idea is that 3 clusters conditions. We consider 4x64 images of subjects 5,6,7,8,

which lie in the same plane have the dimensionality of 2 Bxdte ¢ shown in Figure 5, with a resolution of 240x320 pix-

of 3. A brute-force search witﬁG)/Q selections is employed to L .
find the 2 best fitting planes, bygconsidering the minimalrgjte els. This gives more background details and makes PCA

of the data distributed in the third dimension via Singulatu¢ ~ features capture less information with 3 components. Fig-
Decomposition (Duda et al., 2000).

3.2.1. FACE CLUSTERING WITH VARYING
ILLUMINATION

4Software available at www.ncrg.aston.ac.uk/netlab/
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ures 6 (a,b) show the imperfect clustering result of GPCA(f), the Kmeans algorithm splits shot 2 into clusters 2 and
due to the intersection of the subspace of subject 5 with th8&, while it groups shots 1 and 4 into cluster 1. By consid-
subspaces of subjects 6 and 7. GPCA classifies all the inering the data’s manifold nature, GPCA provides a more
ages on the intersections of subspaces into subject 5. Mixeffective approximation with multiple planes to the mani-
tures of PPCA is implemented in Netlab as a probabilisfold in R3 than the spatial blobs given by central cluster-
tic variation of subspace clustering with one spatial centeing. The essential problem for GPCA is that it only de-
per subspace. It can be initialized with Kmeans (originallyploys the co-planar condition iR?, without any constraint

in Netlab) or GPCA, which all result in imperfect cluster- relying on their spatial locations. In the structural appro
ing outputs. We show one example of the subspaces afmation of the data’s manifold, there are many intersecting
subjects 6 and 7 mixed (Kmeans initialization) in Figure data points among 4 planes. These data points represent
6 (c,d). Our combined subspace-central optimization provideo frames with the clustering ambiguity solely based on
cess successfully corrects the clustering labels of pwstio the subspace constraint. Fortunately this limitation can b
of images for subjects 6 and 7, as demonstrated in Figure @ell tackled by GPCA-Kmeans with combined optimiza-
(e,f). In the optimization, the local clusters in the sulzgpa tion. Combining central and subspace distances provides
of subject 6,7 contribute smaller central distances tortheicorrect video shot clustering results for the mountain se-
misclassified images, which re-classifies them to the corquence, as demonstrated in Figure 9 (e,f).

rect subspaces using our combined subspace-central CIU‘Fﬁe second video sequence shows a drama scenario which
tering algorithm. In this experiment, 4 subspaces with 2

clusters per subspace are used. Compared with the result captured with the same background. The video shots

(Vidal et al., a), we obtain the perfect illumination-iniaart should be segmented by the semantic meaning of the per-

. T formance of the actor and actress. In Figure 7 (Right), we
face clustering where data distribution is more complex. . ) :
show 2 sample images for each shot. This drama video

sequence contains very complex actor and actress’ mo-
tions in front of a common background, which results in
Unlike face images under different illumination condi- a more complex manifold data struct®itban that of the
tions, video data provides continuous visual signals. ®ide mountain video. For better visualization, the normal vec-
structure parsing and analysis applications need to seders of data samples recovered by GPCA or the combined
ment the whole video sequence into several video shotsentral-subspace optimization, are drawn originatingifro
Each video shot may contain hundreds of image framesach data point ilR* with different colors for each cluster.
which are either captured with a similar background orFor this video, the combined optimization process shows
have a similar semantical meaning. Figure 7 showsa smoother clustering result in Figure 8 (c,d), compared
2 sample videosmountain.aviand drama.avi contain-  with (a,b). In summary, GPCA can be considered as an
ing 4 shots each. Archives are publicly available fromeffective way to group data in a manifold into multiple
http://mwww.open-video.orgFor the mountain sequence, 4 subspaces or planes & which normally better present
shots are captured. The shots display different backgundideo shots than central clustering. GPCA-Kmeans with
and show either multiple dynamic objects and/or severe&sombined optimization can then associate the data at the
camera motions. In this video, the frames between eachtersection of planes into the correct clusters by optimiz
pair of successive shots are gradually blended from onég combined distances. Subspace clustering seems to be a
to anothef. In order to explore how the video frames are better method to group the data on a manifold by somehow
distributed in feature space, we plot the first 3 PCA com-preserving their geometric structure. Central clustering
ponents for each frame in Figure 9 (b, d, f). Note that asuch as Kmeadis provides a piecewise constant approxi-
manifold structure can be observed which starts from rednation; while subspace clustering shows a piecewise linear
dots to green, black dots and ends in blue as shown iapproximation. On the other hand, subspace clustering can
Figure 9 (f). The video shot segmentation results of themeet severe clustering ambiguity problems when the shape
mountain sequence by Kmeans,GPCA and GPCA-Kmeanaf the manifold is complex, as shown in Figure 8 (b,d). In
followed by combined optimization are shown in Figure this case, there are many intersections of subspaces so that
9 (a,b), (c,d) and (e,f), respectively. Because Kmeans isubspace clustering results can be very sparse, without con
based on the central distances among data, it segments thiglering the spatial coherence. Combined optimization of
data into spatially close blobs. There is no guarantee th

these spatial blobs will correspond to correct video shotsfrom one shot to another, the correct video shot segmentiio

Comparing Figure 9 (b) with the correct segmentation inconsidered to split successive shots at their transitagés.
T °Due to space limitation, we do not provide the clustering re-

7 ; . Lo
Due to this reason, the correct video shot segmentation Bult using Kmeans for this sequence which is similar withuFég
considered to split every two successive shots at theirdbign 9 (ab)

frames.

3.2.2. IDEO SHOT SEGMENTATION

8Because there are image frames of transiting subject nstion



Submission and Formatting I nstructionsfor ICM L -2006

Figure 5.Sample images of subjects 5,6,7,8 shown in different
colors.

Subspace clustering of face data by GPCA

Data map in 0 for subspace clustering of face data by GPCA-Kmeans

Subject 7

o S s

w

Class label

Figure 7Video shot segmentatioheft: Sample images from the
i mountain sequenceRight: Sample images from the drama se-

Subspace clustering of face data by Mixture of PPCA
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Figure 6.According to the correct clustering in (e-f), subjects 5, Figure 8.According to the correct clustering in (c-d), video
6, 7, 8 are grouped as clusters 3, 4, 2, 1 on the left, and shown
. . . shots 1, 2, 3, 4 are grouped as clusters 4, 3, 2, 1 on the left,
in red, black, green and blue on the right respectively. $abs : .

. and shown in red, green, black and blue on the right respec-
based face clustering by GPCA (a-b), or MPPCA (c-d), or our .\ "\ 4e o shot segmentation of drama sequence by GPCA
algorithm (e-f). The colors of points in this figure also ntathe Y- 9 q Y

colors of subjects 5,6,7,8 in Figure 5. (a-b), or our algorithm (c-d).
central and subspace distances demonstrates superior clllrlg":_e " f'r_?t gnd ft?em:' Howftol |ntteg_rate_ tthe mer_I ?e-
tering performance with real video sequences. ection criteria of two types of clustering Into one joint or
combined process is more difficult than the combination
3.2.3. DSCUSSION ONMODEL SELECTION FORREAL qf the clustering algorithms itself, and is under |.nvest|ga
DATA tion. The examples are toy problem 2 and multiple mov-

: Lo . ing object clusterin. The case is more like using addi-
We discuss the model selection issue of our algorithm for. :
. : o : tional subspace constraints to balance the central cluster
real data in two cases. Firstly, if strictly following thefde . ; ; : . .
L ing results, which results in a combined distance metric.
inition of Problem 1, both the number of subspacand .
o Secondly, for examples of toy problem 1, face clustering
the number of clusters within each subspaceeed to be : : :
. . and video segmentation, they are essentially subspace clus
known beforehand our clustering algorithm. We can em-
ploy the model selection algorithms for subspace and cen- °Due to space limitation, extended experiments on motion seg
tral clustering separately in a sequential manner, to detementation will be provided in future work.
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S b st dtsionof oo scence by ks rithm via optimization of a suitable objective function in-
4 corporating both types of constraints. Itis an intuitivesy

to implement, practically useful and necessary compliment
for existing clustering algorithms. Second, the advantage
of our algorithm of handling more clustering conditions,
compared with traditional Kmeans and Ksubspaces/GPCA
methods is illustrated by two toy problems. The compre-
hensive comparison of four clustering solutions based on
simulated data demonstrates our algorithm’s priority in ac
curacy. Third, our method provides an effective and effi-
cient piecewise linear approximation of curved manifolds
of complex visual data in video. The video data can be
grouped through subspace clustering, while central dis-
tance constraints eliminate the clustering ambiguity bfsu
space intersections.
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w

~
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Shot detection of mountain sequence by GPCA

Class label

As a future work, we expect to extend the proposed com-
bined central and subspace clustering formulation to rec-
(c) ognize multiple complex curved manifolds. An example
problem is to find which movie a given images appear
PCh meane o opimsaton. in. Each manifold will be composed of multiple subspaces
. where each subspace is spatially constrained by central dis
tances among data samples. Once the movie models are
learned (similarly as shot detection), the likelihood ewal
tion for a new data sample is based on computing its com-
bined central and subspace distances to the given models.
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