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Abstract m = O(klog(n/k)) measurementd] if = is a k-sparse
signal, which means thatc R™ can be well approximated

This paper investigates a new learning formulation usingk < n nonzero coefficients under some linear trans-
called dynamic group sparsity. It is a natural extension of form. It directly leads to the potential of cost saving in digit
the standard sparsity concept in compressive sensing, and islata capturing. Although the encoding in data capturing
motivated by the observation that in some practical sparse only involves simple linear projections, signal recovery re-
data the nonzero coefficients are often not random but tendquires nonlinear algorithms to seek the sparsest signal from
to be clustered. Intuitively, better results can be achieved the measurements. This problem can be formulated &ith
in these cases by reasonably utilizing both clustering and minimization:
sparsity priors. Motivated by this idea, we have developed ) _ 0
a new greedy sparse recovery algorithm, which prunes data wo = argmin|zlo while |y —®z|" <e (2)
residues in the ite_rative_ process according to both_ spars_ity where|| - ||o denotes theé®
and group clustering priors rather than only sparsity as in on;erq entries andis the noise level. This problem is NP-
previous methods. The proposed algorithm can recover sta-,4 | the general case, no known procedure can correctly

bly sparse data with clustering trends using far fewer mea- finq the sparsest solution more efficiently than exhausting
surements and computations than current state-of-the-art 3| s bsets of the entries far. One key problem in CS

algorithms with provable guarantees. Moreover, our algo- s s to develop efficient recovery algorithms with nearly
rithm can adaptively learn the dynamic group structure and optimal theoretical performance guarantees.

the sparsity number if they are not available in the practical One class of algorithms tries to seek the sparest solu-
applications. We have applied the algorithm to sparse re- by performing basis pursuit (BP) basédninimization
covery and background subtraction in videos. Numerous ex'using linear programming (LP) instead fminimization

periments With improved perfo_rmance over previous m_eth-[5’ 8. Thel,-magic used a primal log-barrier approach to
ods further validate our theoretical proofs and the effective- performi! minimization []. A specialized interior-point

ness of the proposed algorithm. method is employed to solve large scale problems by using
I' regularization[I4]. Gradient Projection for Sparse Re-
. construction (GPSR) is a fast convex relaxation algorithm
1. Introduction [17] to approximate the solution. lIterative greedy pursuit
d’s another well-known class of sparse recovery algorithms.
SThe earliest ones include the matching pursiE] pnd or-
thogonal matching pursuit (OMP28§]. Their successors in-
clude the stagewise OMP (StOMIB)] fand the regularized
OMP (ROMP) [L9]. While they are much faster than the
BP methods, they require more measurements for perfect

-norm that counts the number of

The compressive sensing (CS) theory has shown that
sparse signal can be recovered from a small number of it
linear measurements with high probabili}; B]. Accord-
ing to CS, a sparse signale R™ should be recovered from
the following linear random projections:

y=ox+e, (1) recovery and lack provable recovery guarantees. To close
this gap, the subspace pursuit (S€])dnd the compressive
wherey € R™ is the measurement vectap, € R™*" sampling matching pursuit (CoSaMP)g] were proposed

is the random projection matrixp < n, ande is the recently by incorporating backward steps. They have simi-
measurement noise. The CS theory is magnetic as it im-lar theoretical recovery guarantees as that of the BP meth-
plies that the signat € R™ can be recovered from only ods, while their computation complexity is comparable to



those of the greedy pursuit algorithms. tion 3. Section 4 presents the experimental results when ap-
All of these algorithms do not consider sparse data pri- plying the proposed algorithm to sparse recovery and back-
ors other than sparsity. However, in some practical appli- ground subtraction respectively on both simulated and prac-
cations, the nonzero sparse coefficients are often not raniical data. We conclude this paper in Section 5.
domly distributed but group-clustered. They tend to cluster
into groups although these clustering group structures are2, Theory Review
dynamic and unpredictable. (For example, the group num- ] N
ber/size/location may be unknown.) A few attempts have AS We know, the decreasingly sorted coefficients of
been made to utilize these group clustering priors for betterMany real signals rapidly decay according to the power
sparse recoveryl| [13, 24, 22, 26]. For simplicity, all of law. Thus, these S|gngls can be well approximated or com-
them assume that the group structures (such as the group"eSsed tai-sparse signals although they are not strictly
number/size/location) are known before recovery. More- SParse. In CS, the signal capture and compression are inte-
over, they only consider the case where all groups share #rated into a single process, ]. Thus, we do not capture
common nonzero coefficient support 3efThese recovery ~ @ Sparse signat € R™ directly but rather capturer < n
algorithms either do not have explicit bounds on the min- linear measuremenis= &z based on a measurement ma-
imal number of measurements, or lack provable recoveryfix ® € R™*". Suppose the set éfsparse signals < R"
performance guarantees from noise measurements. WhildVes in the unior2;, of k-dimensional subspaces, the union
their assumption of the block sparsity structure enables bet{2+ thus |_ncludesC’,§ subspaces. To stably recover the
ter recovery from fewer measurements with less computa-SParse signak from m measurements, the measurement
tion, itis not flexible enough to handle some practical sparseMatrix @ is required to satisfy the Restricted Isometry Prop-
data in which the group structures are unknown and only the® (RIP) B]. _ S
sparse group-clustering trend is known. Therefore, none of ~ Definition:(k-RIP) A matrix® € R™*" is said to have
them can handle dynamic group clustering priors, where weK-réstricted isometry property (k-RIP) with constapt> 0
do not know the group structure, and only know the sparsity if: for all = in the union(,
and group clustering trend.
In this paper, we extend the CS theory to efficiently han-
dle data with both sparsity and dynamic group clustering

priors. A dynamic group sparsity recovery algorithmisthen  \ynile the sparse signal lives in a union of subspaces
proposed based on the extended CS theory. It assumes thaj — pr the k-RIP can be extended to tHeRIP 2]:

the dynamic group clustering sparse signals live in a union Defin’ition:(A—RIP) A matrix ® € R™*" is said to
of subspaces2] and proposes an approximation algorithm  aye 4-restricted isometry property4-RIP)with constant

ip thi; union of sgbspaces to iteratiyely prune the signal €S-5 (@) if, for all z living in the union of subspaces
timations according to both sparsity and group clustering

priors. The group clustering trend implies that, if a point
lives in the union of subspaces, its neighboring points would (1 — §4(®)) || z ||2<|| @z [|2< (1+64(®)) || = |2 (4)

also live in this union of subspaces with higher probability,

and vice versa. By enforcing this constraints, the degrees Blumensath and Davies have proposed one theorem on
of freedom of the sparse signals have been significantly re-the sufficient condition for stable sparse recovery to guide
duced to a narrower union of subspaces. It leads to sevthe minimal measurement numbwer necessary for a sub-
eral advantages: 1) accelerating the signal pruning processgaussian random measurement matrix to haveAHeIP

2) decreasing the minimal number of necessary measurewith the given probability2):

ments; and 3)improving robustness to noise and preventing Lemma 1: Supposed; C R"™ be the union ofl sub-

the recovered data from having artifacts. These advantagespaces of k-dimensions aligned wigt. For anyt > 0,
enable the proposed algorithm to efficiently obtain stable if

sparse recovery with far fewer measurements than previous

algorithms. Finally, we extended the proposed algorithm m > (log(2L) + klog( 12
to adaptively learn the sparsity numbers when they are not COA O A
exactly known in practical applications.

(1= 0k) [l = [3<]l @2 [3< (1 + ) || 2 |13 3)

) +1) ()

The remainder of the paper is organized as follows Sec-then the subgaussian random matfxe R has the
pap 9 i A-RIP with constanb 4, , where0 < d4, < 1,andc >0

o e T et s oY depends on . Th probabiy o atleas -~
y prop yag For thek-sparse data recovery, we know thgt C R™ is

. i X .
1The support set of sparse datas defined as the set of indices corre-  the union ofL = Cn subspaces. Thus, this theorem directly
sponding to the nonzero entriesarand denoted byupp(z) leads to the classic CS result= O(k + klog(n/k)).




3. Dynamic Group Sparsity

The success of sparse recovery in compressive sensin&1

signal since it only permits certain combinations of its sup-
ort set rather than all random combinations. This will
ake it possible for us to decrease the minimal measure-

motivates us to further observe the support set of the SParse ont numbern for stable recovery. Therefore, we need to

coefficients. Observations on some practical sparse dat

adevelop a new theorem on the sufficient condition for stable

show that the support sets often have the group CIUSteringdynamic group sparse data recovery,

trend with dynamic and unknown group structure. Intu-
itively, the measurement number bound may be further re-
duced if this trend can be dexterously utilized as sparsity
in convention CS. In this section, we propose a new algo-
rithm to seamlessly combine this prior with sparsity, which

is shown to enable better recovery results for this case with

less measurement requirement and lower computation com
plexity.

3.1. Dynamic Group Sparse Data

Similar to the definition of:-sparse data, we can define
dynamic group sparse data as follow:

Definition:( Gy, ,-sparse data)A datax € R™ is defined
as the dynamic group sparse datd;(,-sparse data) if it
can be well approximated usirig< n nonzero coefficients
under some linear transforms and theseonzero coeffi-
cients are clustered intg € {1,--- , k} groups.

From this definition, we can know thét, ,-sparse data

Lemma 2: Supposé&sy, ,-sparse data: € R™ is known
to live in L, , k-dimensional subspaces alignedR6, and
Gx,q is the smallest union of thegedimension subspaces.
For anyt > 0, if

m = O(k + qlog(n/q)) (6)

then the subgaussian random matdix € R™*™ has the
A-RIP with constanb 4, , where0 < 4, < 1. The proba-
bility is at leastl — e~*.

Proof: According to Lemma 1, the key point of the proof
is to find the value or upper bound bf, ,. After we obtain
its value or upper bound, we can directly obtain the upper
bound of the measurement numhbeaccording to equation
5in Lemma 1. Suppose the dimension of the sparse signal is
d. We know thatt nonzero coefficients af;, ,-sparse data
x € R™ have clustered intg groups. Suppose that tlieh
group has; nonzero coefficients. Thus,,i = 1,--- ,¢
should be a natural number and their surh.i®Vithout loss

only requires that the nonzero coefficients in the sparse dateof generality, we can assume thatoefficients ofr € R
have the group clustering trend and does not require to knoware divided intog regions, where the-th region has**

any information about the group size and location. In the
following, it will be further illustrated that the group num-
ber ¢ is also not necessary to be known in our algorithm.

nonzero coefficients and every region is not overlapped with
other regions (Whilen/k is not an integer, we can round
them off and just keep their sum witt). Considering the

The group structures can be dynamic and unknown. Figurerestrictions that;,i = 1, - - , ¢ should be a natural number

1shows areal sample 6f;, ,-sparse data in a video surveil-

and their sum ig:, there areC!”| possible combinations.

lance application. We can find that nonzero coefficients are According to Stirling’s formu|agg:} < e4(k/q)9~L. For

not randomly distributed but clustered spatially in the back-
ground subtracted image (Figutgb)) and the foreground
mask (Figurél (c)). More specially, the?, G and B chan-

each combination, we divide the original problem imto
small problems. For each small problem, it is equal to the
case where alt; nonzero coefficients are clustered into one

nels of the background subtracted image share a commomyroup. Thus/L,, ; < “*(2d — 1)"~* for each small prob-
support set although the nonzero coefficients are spatiallylem. Then, the number of all possible combinations for the

clustered in each channel respectively.

() (d)

Figure 1.An example of dynamic group sparse data: (a) one video
frame, (b) the foreground image, (c) the foreground mask and (d)
the background subtracted image with the proposed algorithm.

Due to the additional dynamic clustering prior, the union
of subspaces containingy, ,-sparse data does not span all
k-dimensional subspaces of the unidp as in the conven-
tional CS |, 18,16,/18,23]. The former is far narrower than

original problem is:

q
nr;
Lk,q < (H( L

i=1

< <§>q<2d — )R 9e (ke /q)1

1
1

)(2d — 1) HC{Z

O

If we do consider the overlapping problems between the
nonzero coefficients of neighboring regions, the number
of all allowed combinations fod-dimensionalGy, ,-sparse
data should be further less than the right of this equation.
But the bound in equatiar is enough for our proof. Ac-
cording to equatioin Lemma 1, we know:
(log(2Ly o) + l-clog(512 )+ 1)

Ak

®)

m >
C.Ak

the latter in most cases. The dynamic group clustering prior Thus, we can easily obtain = O(k + glog(n/q)), which
significantly reduces the degrees of freedom of the sparseproves the Lemma.



Lemma 2 shows that the number of measurements re-
quired for robustly recovering dynamic group sparsity data
ism = O(k + qlog(n/q)), which is a significant improve-
ment over then = O(k + klog(n/k)) that would be re-
quired by conventional CS recovery algorithras 8, (18,

23]. While the group numbeg is smaller, more improve-
ments can be obtained. Whijds far smaller thark andk

is close tdlog(n), we can gein = O(k). Note that, this is

a sufficient condition. If we know more priors about group
settings, we can further reduce this bound.

3.2. Dynamic Group Sparsity Recovery

Lemma 2 equips us to propose a new recovery algorithm
for dynamic group sparse data, namely dynamic group spar-
sity (DGS) recovery algorithm. From the introduction,
we know that only the SFE] and the CoSaMFP1g] have
better balance between theoretical guarantee and compu-
tation complexity among existing greedy recovery algo-
rithms. Actually, these two algorithms have a similar frame-
work. In this section, we demonstrate how to seamlessly in-
tegrate the dynamic group clustering prior into that frame-
work.

Our algorithm includes five main steps in each iteration:
1) pruning the residue estimation; 2) merging the support

Algorithm 1.DGS approximation pruning
Input: =z € R"{estimation$; k {the sparsity numbér
Jy {task numbey; J;, {block sizg; N, € R™*7 {values
of x’s neighbor$; w € R™*7 {weights for neighbors =
{neighbor numbeér

Jo = J,Jy;x € R™ is shaped ta: € R7= %7/
N, € R"*7 is shape taV, € Rz */=x7;
forall i =1,..., 7 do

Combing each entry with its neighbors

Jo T
DS Wi, )N2 (i, . )

Jz

2(i) = ZxQ(i,j) +
Jj=1 j=1t=1

end for

0 € R7% *! is set as indices corresponding to the largest

k/J, entries ofz

forall j =1,...,J, do

forall i =1, ..., 7= do

Obtain the final list
L((j =15 +i) =G — 1) + Q)
end for
end for
Output: supp(z, k) — T

sets; 3) estimating the signal by least square; 4) pruning the
signal estimation and 5) updating the signal/residue estima-
tion and support set. One can observe that it is similar to
that of SP/CoSaMP algorithms. The difference only exists

in the pruning process in step 1 and step 4. The modification

1D, 2D and 3D data respectively.

Up to now, we assume that we know the sparsity number

is simp|e_ We prune the estimation in the Step 1 and step 4k of the Sparse data before recovery. However, it is not al-
using DGS approximation pruning rather thiasparse ap- ~ Ways true in practical applications. For example, we do not
proximation, as we only need to search over subspaces oknow the exact sparsity numbers of the background sub-
Ay, instead ofC* subspaces of);. It directly leads to tracted images although we know they tend to be dynamic
fewer measurement requirement for stable data recovery. group sparse. Motivated by the idea iiff,[we develop a
The DGS pruning algorithm is described in algoritim ~ new recovery algorithm called AdaDGS by incorporating
There exist two prior-dependent parametégsand.J,. J,, an aqlapnve sparsity scheme into the above DGS recovery
is the number of tasks if the problem can be represented as &lgorithm.
multi-task CS probleml3]. J, is the block size if the inter- Suppose the range of the sparsity number is known to
ested problem can be modelled as a block sparsity problerbe [ky,in, kmaz]. We can set the step size of sparsity num-
[1, 24,122, 126). Their default values are set aswhich is ber asAk. The whole recovery process is divided into
the case of traditional sparse recovery in compressive sensseveral stages, each of which includes several iterations.
ing. Moreover, there are two important user-tuning parame- Thus, there are two loops in AdaDGS recovery algorithm.
ters, the weightv of neighbors and the neighbor number The sparsity number is initialized ds,,;, before itera-
7 of each element in sparse data. In practice, it is very tions. During each stage (inner loop), we iteratively opti-
straightforward to adjust them since they have the physi- mize sparse data with the fixed sparsity numher.. until
cal meanings. The first one controls the balance betweerthe halting condition within the stage is true (for example,
the sparsity prior and the group clustering prior. Whilés the residue norm is not decreasing). We then switch to the
smaller/bigger, it means that the degree of dynamic groupnext stage after addinf % into the current sparsity number
clustering is lower/higher in the sparse signal. Generally, k..., (outer loop). The whole iterative process will stop
they are set a8.5's if there are not more knowledge about whenever the halting condition is satisfied. For practical
that in practice. The parametercontrols the number of  applications, there is a trade-off between the sparsity step
neighbors that can be affected by each element in sparssize Ak and the recovery performance. Smaller step sizes
data. Generally, it is good enough to set it as 2, 4 and 6 forrequire more iterations and bigger step size may cause in-



Algorithm 2. AdaDGS Recovery gle preceding frame, while the SRCA seeks that the current
1 Input: ® € R™*"{sample matri¥; y € R"{sample  frame can be best sparsely represented by all preceding im-
vecton;[kmin, kmas] {Sparsity rangl Ak {sparsity ~ age frames. Thus, the former can be thought as a special

step sizé case of SRCA.
2: Initialization: residuey, = y; T' = supp(z) = @; Suppose a video sequence consists of fraflpes, I,, €
sparse data = 0; sparsity numbek = kynin R™. Without loss of generality, we can assume that back-
3: repeat ground subtraction has already been performed on the first
Perform DGS recovery algorithm with sparsity num- t frames. Letd = [I,, ..., ;] € R™**. Denote the back-
berk to obtainz and the residue ground image and the background subtracted imagé by
5. if halting criterion falsehen and f, respectively, forl; ;. From the introduction in Sec-
6 Updater, y, andk = k + Ak tion[3.1, we know thatf is dynamic group sparse data with
7 endif unknown sparsity numbeér; and group structure. Accord-
g until halting criterion true ing to SRCA, we havé = Az, wherex € R! should bek,-
' _ mX (t+m)
o Output: = — <I>}y sparse vector ankl, << t. Let® = [A,I] € R ,

wherel € R™*™ is an identity matrix. Then, we have:

x
accuracy. The sparsity range depends on the applications. Ly = Az + f = [A ] [ f ] =&z (9)
Generally, it can be set d$,n/3], wheren is the dimen-
sion of the sparse data. Algorith?describes the proposed

k wherez € R!*™ is the DGS data with unknown sparsity
AdaDGS recovery algorithm.

ks + ky. Background subtraction is thus formulated as the

. following AdaDGS recovery problem:
3.3. AdaDGS Background Subtraction

Background subtraction is an important pre-processing (z0, fo) = argmin||zllo, |[Tr41 —Pz[|> < (10)
step in video monitoring applications. There exist a lot
of methods for this problem. The Mixture of Gaussians Which can be efficiently solved by the proposed AdaDGS
(MoG) background model assumes the color evolution of recovery algorithm. Similar ideas are used for face recogni-
each pixel can be modelled as a MoG and are widely usedtion robust to occlusionds]. It is worth mentioning that the
on realistic scene<’[l]. Elgammal et al. [10] proposed  coefficients imw corresponding to the part are randomly
a non-parametric model for the background under similar Sparse while those corresponding ftare dynamic group
computational constraints as the MoG. Spatial constraintssparse. During the DGS approximation pruning, we thus
are also incorporated into their model. Sheikh and Shahcan set those coefficients in weightfor the z-related part
consider both temporal and spatial constraints in a Bayesiar@s zeros and those fgras nonzeros. Since we do not know
framework [P0], which results in good foreground segmen- the sparsity numbek, andky, we can set sparsity ranges
tations even when the background is dynamic. The model infor them respectively and run the AdaDGS recovery algo-
[16] also uses a similar scheme. All these methods only im- rithm until the halting condition is true. Then, we can obtain
plicitly model the background dynamics. In order to better the optimized background subtracted imagend back-
handle dynamic scenes, some recent waikis?7] explic- ground image = Az. For long video sequences, it is im-
ity model the background as dynamic textures. Most dy- practical to build a model matrid = [Iy, ..., I;] € R™*,
namic texture modeling methods are based on the Auto Rewheret denotes the last frame number. In order to cope
gressive and Moving Average (ARMA) model, whose dy- With this case, we can set a time window width parameter
namics is driven by a linear dynamic system (LDS). While 7. We then build the model matrix{ = [I;—11,..., Is] €
this linear model can handle background dynamics with cer-R™* =), for the (¢ + 1) frame, which can avoid the mem-
tain stationarity, it will cause over-fitting for more complex Ory requirement blast for a long video sequence. The com-
scenes. plete algorithm for AdaDGS based background subtraction

The inspiration for our AdaDGS background subtraction S summarized in Algorithri3.
came from the success in online DT video registration based
on the sparse representation constancy assumption (SRCA) Experiments
[12). The SRCA states that a new coming video frame
should be represented as a linear combination of as few For quantitative evaluation, the recovery error is defined
preceding image frames as possible. As a matter of fact,to indicate the difference between the estimatiQg and
the traditional brightness constancy assumption seeks thathe ground-truthe:||z.s: — z||2/||z||2. All experiments are
the current video frame can be best represented by a sineonducted on 8.2G H z PC in Matlab environment.



Algorithm 3. AdaDGS Background Subtraction (a) Original Signal (b) GPSR (c) SPGL1-LASSO

1: Input: The video sequencé, ..., I,,, the numbert 1 1 1
which meansl®* ~ t" have been performed back- o ” I 0 0
ground subtraction, the time window width< ¢ 4 I I I 1 A
2: forall j=t+1,...,ndo 700 200 300 400 500 700 200300 400 500 700200 300 400 500
3 SetA=[I;,_,,...I;_1]and form® = [A, ]] (d) OMP (e) SP (f) DGS
4:  Sety = I; and the sparsity ranges/step-sizes 1 I 1 ' | " 1 ” II
5 (20, fo) = AdaDGS(®,y) 0 M °f i i 0
6: end for -1 ' - l , -1 I I “
7. Output: Background subtracted images T00 200 300 400 500 T00 200300 400 500 T00200 300 400 500
Figure 2.Recovery results of 1D data. (a) Original data; (b) GPSR
(error is 0.5173 and time is 0.1847 seconds); (c) SPGL1-Lasso
4.1. 1D Simulated Signals (error is 0.4021 and time is 1.1497 seconds); (d) OMP (error is
1.0270 and time is 0.1422 seconds);(e) SP (error is 0.6143 and
In the first experiment, we randomly generatel & time is 0.1100 seconds);(f) DGS recovery (error is 0.0178 and time
G(k,q)-sparse signal with values1, wheren = 512, is 0.0605 seconds).

k = 64 andq = 4. The projection matrixp is generated
by creating an x n matrix with i.i.d. draws of a Gaussian —— —
distribution N'(0; 1), and then the rows ob are normal- N

—7—sp ——spP

ized to the unit magnitude. Zero-mean Gaussian noise with —oes g oo
standard deviatior = 0.01 is added to the measurements. g %
FigureZ shows one generated signal and its recovered re- .. -
sults by different algorithms whem = 3k = 192. As oz NG -

0

the measurement number is only 3 times of the sparsity
numberk, both of other algorithms can not obtain good re- T et T N

covery results, whereas the DGS obtains almost perfect re- (@) (b)

covery results with the least running time. To study how Figure 3.Recovery errors vs. measurement numbers: a) recovery
the measurement numbet effects the recovery perfor-  errors; (b) running times

mance, we change the measurement number and record the

recovery results by different algorithms. To reduce the ran-

domness, we execute the experiment 100 times for each oRge has a special property: the R, G and B channels share
the measurement numbers in testing each algorithm. Fig-& common support set, while the nonzero coefficients have
ure’3 shows the performance of 5 algorithms with increas- dynamic group clustering trends within each channel. Thus,
ing measurements in terms of the recovery error and run-the recovery of DGS color images can be considered as a
ning time. Overall, the DGS obtains the best recovery per- 3-task CS recovery problem. As for the input parameters
formance with the least computation; the recovery perfor- of DGS in this case, we just need to sktas3 and keep
mance of GPSR, SPGL1-Lasso and SP is close; and theother default parameters unchanged. Considering the MCS
I' —norm minimization based GPSR and SPGL1-Lasso re-is specially designed for multi-task CS problems, we will
quire more computation than greedy algorithms such as thecompare it with DGS and SP. Figufisshows one example
OMP, SP and our DGS. In the three greedy algorithms, the2D G (k, ¢)-sparse color image and the recovered results by
OMP has the worst recovery performance. All these ex- different algorithms whemn = 440. Figurel5 shows the
perimental results are consistent with our theorem: the pro-performance of the three algorithm, averaged over 100 ran-
posed DGS algorithm can achieve better recovery perfor-dom runs for each sample size. The DGS achieves the best

mance for DGS data with far few measurements and lessrecovery performance with far less computation. It is easily
computation complexity. understood because DGS exploits three priors for recovery:

(1) the three color channels share a common support set,
(2) there are dynamic group clustering trends within each
color channel and (3) sparsity prior exists in each channel;
To validate the proposed recovery algorithm on 2D im- thus it achieves better results than MCS, which only uses
ages, we randomly generate2® G(k,q)-sparse color  two priors. The SP is the worst since it only uses one prior.
image by putting four digits in random locations, where This experiment clearly demonstrates: the more valid priors
n=HxW = 4848, k = 152 andq = 4. The pro- are used for sparse recovery, the more accurate results we
jection matrix® and noises are generated with the similar can achieve. That is the main reason why DGS, MCS and
method as that for 1D signal. Th&(k, ¢)-sparse color im-  SP obtained the best, good and the worst recovery results.

4.2. 2D Color Images



Figures (b) shows the comparison of running times by the 8 show the background subtraction results on two other
three algorithms. It is not surprising that the running times videos [L0, [17]. Note that our results without postprocess-

with DGS are always far less than those with MCS and a ing can compete with others with postprocessing. The re-
little less than those with SP for all measurement numbers. sults show the proposed AdaDGS model can handle well

highly dynamic scenes by exploiting the effective sparsity
(a) (b) (©) ()

optimization scheme.
Figure 4.Recovery results of a 2D color image: (a) original color
image, (b) recovered image with MC%3] (error is 0.8399 and
time is 29.2656 seconds), (c) recovered image with@pRefror is
0.7605 and time is 1.6579 seconds) and (d) recovered image with o
DGS (erroris 0.1176 and time is 1.0659 seconds).

a) Original (b) AdaDGS (c) AdaDGS

(d) Robust Kalman

Figure 6.Results on the Zhong’s dataset (a) original frame, (b)
background subtracted image with AdaDGS, (c) the binary mask
= with AdaDGS and d) with robust Kalman modgl7]

—5— DGS
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Figure 5.Recovery performance: a) errors; (b) running times

IS
S

w
8
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Figure 7.Results on the Elgammal’s dataset. (a) original frame,
éb) with AdaDGS, (c) with KDE mode!10] (d) with MoG [21]

(c) KDE (d) MoG
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4.3. Background Subtraction

Background subtracted images are typidalk,q)-
sparse data. They generally correspond to the intereste
foreground objects. Compared with the whole scene, they
tend to be not only spatially sparse but also cluster into
dynamic groups, although the sparsity number and group;
structures are not known. As we know, the sparsity number
must be provided in most of current recovery algorithms, |

which make them impractical for this problem. In contrast, : : --
the proposed AdaDGS can apply well to this task since i -- S

(b) AdaDGS (c) Monnet etc (d) MoG

=

not only can automatically learn the sparsity humber and —
group structures but also is a fast enough greedy algorithm| m

The first experiment is designed to validate the advantage
of the AdaDGS model. We test the proposed algorithm on Figure 8.Result_s on Monnet's dataset. (a) origingl frame, (b) with
Zhong's datasefd7]. The background subtracted images AdaPGS. () with Monnet's method F] and (d) with MoG 1]
can be directly obtained with the proposed AdaDGS. The
corresponding binary mask of these images are obtaine
with the simple threshold. The Zhong'results with robust
Kalman model are also shown for comparisons. Figfure All experimental results show the proposed algorithms
shows the results. Note that all results with AdaDGS are gain marked improvement over previous algorithms when
not post-processed with morphological operations and theDGS priors are available. From a practical perspective, the
results are directly the solutions of the optimization prob- proposed DGS/AdaDGS can recover DGS data with higher
lem in Equation10. It is clear that our AdaDGS pro- accuracy and lower computational complexity from fewer
duces clean background subtracted images, which showsneasurements. From a theoretical point of view, Lemma
the advantages of the DGS model. Figlrend Figure 2 offers a stronger guarantee for DGS/AdaDGS to achieve

d4.4. Discussion



stable recovery. Moreover, we provide a generalized frame-[11] M. Figueiredo, R. Nowak, and S. Wright. Gradient pro-

work for priors-driven sparse data recovery algorithms. Us- jection for sparse reconstruction: application to compressed
ing different input parameter settings, it can perform sparse ~ sensing and other inverse problemEE Journal on Se-
recovery, multi-task sparse recovery, group/block sparse re-  lected Topics in Signal Processiniy4):586-597, 2007.1
covery, DGS recovery, and adaptive DGS recovery, respecilz] J. Huang, X Huang, and D. Metaxas. _Simultaneous image
tively. Group structure and sparsity number are not must- transformation and sparse representation recovenPron

ceedings of CVPR2008. 5
[13] S.Ji, D. Dunson, and L. Carin. Multi-task compressive sens-
ing. IEEE Transactions on Signal Processji2p08. Sub-
mitted. 2,14, (7
[14] S. Kim, K. Koh, M. Lustig, S. Boyd, and D. Gorinevsky.
A method for large-scale I1-regularized least squateEE
5. Conclusions Journal on Selected Topics in Signal Processih@):606—
607, 2007./1
In this paper, we extend the theory of CS to efficiently [15] s, Mmallat and z. Zhang. Matching pursuits with time-
handle dynamic group sparse data. Based on this ex- frequency dictionaries.|IEEE Transactions on Signal Pro-
tended theory, the proposed algorithm can stably recover cessing41(12):3397-3415, 19931
dynamic group-sparse data using far fewer measurement$i6] A. Mittal and M. Paragios. Motion-based background sub-
and less computation than the current state-of-the-art al- traction using adaptive kernel density estimation. Pio-
gorithms with provable guarantees. It has been applied to  ceedings of CVPR004. 5
sparse recovery and background subtraction on both simu{17] A. Monnet, A. Mittal, N. Paragios, and Y. Ramesh. Back-
lated and practical data. Experimental results demonstrate  ground modeling and subtraction of dynamic scene®xrtn
the performance guarantee of the proposed algorithm and ~ ¢€edings of ICCY2003. 5,17

show marked improvement over previous algorithms. [18] D. Needell and J. Tropp. Cosamp: lterative signal recovery
from incomplete and inaccurate samplégplied and Com-
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