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Abstract
This paper investigates a new learning formulation
called dynamic group sparsity. It is a natural extension of
the standard sparsity concept in compressive sensing, and is
motivated by the observation that in some practical sparse
data the nonzero coefficients are often not random but tend
to be clustered. Intuitively, better results can be achieved
in these cases by reasonably utilizing both clustering and
sparsity priors. Motivated by this idea, we have developed
a new greedy sparse recovery algorithm, which prunes data
residues in the iterative process according to both sparsity
and group clustering priors rather than only sparsity as in
previous methods. The proposed algorithm can recover stably sparse data with clustering trends using far fewer measurements and computations than current state-of-the-art
algorithms with provable guarantees. Moreover, our algorithm can adaptively learn the dynamic group structure and
the sparsity number if they are not available in the practical
applications. We have applied the algorithm to sparse recovery and background subtraction in videos. Numerous experiments with improved performance over previous methods further validate our theoretical proofs and the effectiveness of the proposed algorithm.

1. Introduction
The compressive sensing (CS) theory has shown that a
sparse signal can be recovered from a small number of its
linear measurements with high probability [4, 8]. According to CS, a sparse signal x ∈ Rn should be recovered from
the following linear random projections:
y = Φx + e,

(1)

where y ∈ Rm is the measurement vector, Φ ∈ Rm×n
is the random projection matrix, m ¿ n, and e is the
measurement noise. The CS theory is magnetic as it implies that the signal x ∈ Rn can be recovered from only

m = O(klog(n/k)) measurements [4] if x is a k-sparse
signal, which means that x ∈ Rn can be well approximated
using k ¿ n nonzero coefficients under some linear transform. It directly leads to the potential of cost saving in digit
data capturing. Although the encoding in data capturing
only involves simple linear projections, signal recovery requires nonlinear algorithms to seek the sparsest signal from
the measurements. This problem can be formulated with l0
minimization:
x0 = argminkxk0

while

ky − Φxk2 < ε

(2)

where k · k0 denotes the l0 -norm that counts the number of
nonzero entries and ε is the noise level. This problem is NPhard. In the general case, no known procedure can correctly
find the sparsest solution more efficiently than exhausting
all subsets of the entries for x. One key problem in CS
is thus to develop efficient recovery algorithms with nearly
optimal theoretical performance guarantees.
One class of algorithms tries to seek the sparest solution by performing basis pursuit (BP) based l1 minimization
using linear programming (LP) instead of l0 minimization
[5, 8]. The l1 -magic used a primal log-barrier approach to
perform l1 minimization [4]. A specialized interior-point
method is employed to solve large scale problems by using
l1 regularization [14]. Gradient Projection for Sparse Reconstruction (GPSR) is a fast convex relaxation algorithm
[11] to approximate the solution. Iterative greedy pursuit
is another well-known class of sparse recovery algorithms.
The earliest ones include the matching pursuit [15] and orthogonal matching pursuit (OMP) [23]. Their successors include the stagewise OMP (StOMP) [9] and the regularized
OMP (ROMP) [19]. While they are much faster than the
BP methods, they require more measurements for perfect
recovery and lack provable recovery guarantees. To close
this gap, the subspace pursuit (SP) [6] and the compressive
sampling matching pursuit (CoSaMP) [18] were proposed
recently by incorporating backward steps. They have similar theoretical recovery guarantees as that of the BP methods, while their computation complexity is comparable to

those of the greedy pursuit algorithms.
All of these algorithms do not consider sparse data priors other than sparsity. However, in some practical applications, the nonzero sparse coefficients are often not randomly distributed but group-clustered. They tend to cluster
into groups although these clustering group structures are
dynamic and unpredictable. (For example, the group number/size/location may be unknown.) A few attempts have
been made to utilize these group clustering priors for better
sparse recovery [1, 13, 24, 22, 26]. For simplicity, all of
them assume that the group structures (such as the group
number/size/location) are known before recovery. Moreover, they only consider the case where all groups share a
common nonzero coefficient support set 1 . These recovery
algorithms either do not have explicit bounds on the minimal number of measurements, or lack provable recovery
performance guarantees from noise measurements. While
their assumption of the block sparsity structure enables better recovery from fewer measurements with less computation, it is not flexible enough to handle some practical sparse
data in which the group structures are unknown and only the
sparse group-clustering trend is known. Therefore, none of
them can handle dynamic group clustering priors, where we
do not know the group structure, and only know the sparsity
and group clustering trend.
In this paper, we extend the CS theory to efficiently handle data with both sparsity and dynamic group clustering
priors. A dynamic group sparsity recovery algorithm is then
proposed based on the extended CS theory. It assumes that
the dynamic group clustering sparse signals live in a union
of subspaces [2] and proposes an approximation algorithm
in this union of subspaces to iteratively prune the signal estimations 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
also live in this union of subspaces with higher probability,
and vice versa. By enforcing this constraints, the degrees
of freedom of the sparse signals have been significantly reduced to a narrower union of subspaces. It leads to several advantages: 1) accelerating the signal pruning process;
2) decreasing the minimal number of necessary measurements; and 3)improving robustness to noise and preventing
the recovered data from having artifacts. These advantages
enable the proposed algorithm to efficiently obtain stable
sparse recovery with far fewer measurements than previous
algorithms. Finally, we extended the proposed algorithm
to adaptively learn the sparsity numbers when they are not
exactly known in practical applications.
The remainder of the paper is organized as follows. Section 2 briefly reviews the CS theory. The extended CS theory and the proposed recovery algorithm are detailed in sec1 The support set of sparse data x is defined as the set of indices corresponding to the nonzero entries in x and denoted by supp(x)

tion 3. Section 4 presents the experimental results when applying the proposed algorithm to sparse recovery and background subtraction respectively on both simulated and practical data. We conclude this paper in Section 5.

2. Theory Review
As we know, the decreasingly sorted coefficients of
many real signals rapidly decay according to the power
law. Thus, these signals can be well approximated or compressed to k-sparse signals although they are not strictly
sparse. In CS, the signal capture and compression are integrated into a single process [3, 8]. Thus, we do not capture
a sparse signal x ∈ Rn directly but rather capture m < n
linear measurements y = Φx based on a measurement matrix Φ ∈ Rm×n . Suppose the set of k-sparse signals x ∈ Rn
lives in the union Ωk of k-dimensional subspaces, the union
Ωk thus includes Cnk subspaces. To stably recover the ksparse signal x from m measurements, the measurement
matrix Φ is required to satisfy the Restricted Isometry Property (RIP) [3].
Definition:(k-RIP) A matrix Φ ∈ Rm×n is said to have
k-restricted isometry property (k-RIP) with constant δk > 0
if, for all x in the union Ωk ,
(1 − δk ) k x k22 ≤k Φx k22 ≤ (1 + δk ) k x k22

(3)

While the sparse signal x lives in a union of subspaces
A ⊂ Rn , the k-RIP can be extended to the A-RIP [2]:
Definition:(A-RIP) A matrix Φ ∈ Rm×n is said to
have A-restricted isometry property (A-RIP)with constant
δA (Φ) if, for all x living in the union of subspaces A
(1 − δA (Φ)) k x k22 ≤k Φx k22 ≤ (1 + δA (Φ)) k x k22

(4)

Blumensath and Davies have proposed one theorem on
the sufficient condition for stable sparse recovery to guide
the minimal measurement number m necessary for a subgaussian random measurement matrix to have the A-RIP
with the given probability [2]:
Lemma 1: Suppose Ak ⊂ Rn be the union of L subspaces of k-dimensions aligned with Rn . For any t > 0,
if
m≥

12
2
(log(2L) + klog(
) + t)
cδAk
δAk

(5)

then the subgaussian random matrix Φ ∈ Rm×n has the
A-RIP with constant δAk , where 0 < δAk < 1 , and c > 0
only depends on the δAk . The probability is at least 1 − e−t .
For the k-sparse data recovery, we know that Ak ⊂ Rn is
the union of L = Cnk subspaces. Thus, this theorem directly
leads to the classic CS result m = O(k + klog(n/k)).

3. Dynamic Group Sparsity
The success of sparse recovery in compressive sensing
motivates us to further observe the support set of the sparse
coefficients. Observations on some practical sparse data
show that the support sets often have the group clustering
trend with dynamic and unknown group structure. Intuitively, the measurement number bound may be further reduced if this trend can be dexterously utilized as sparsity
in convention CS. In this section, we propose a new algorithm 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 complexity.

3.1. Dynamic Group Sparse Data
Similar to the definition of k-sparse data, we can define
dynamic group sparse data as follow:
Definition:(Gk,q -sparse data) A data x ∈ Rn is defined
as the dynamic group sparse data (Gk,q -sparse data) if it
can be well approximated using k ¿ n nonzero coefficients
under some linear transforms and these k nonzero coefficients are clustered into q ∈ {1, · · · , k} groups.
From this definition, we can know that Gk,q -sparse data
only requires that the nonzero coefficients in the sparse data
have the group clustering trend and does not require to know
any information about the group size and location. In the
following, it will be further illustrated that the group number q is also not necessary to be known in our algorithm.
The group structures can be dynamic and unknown. Figure
1 shows a real sample of Gk,q -sparse data in a video surveillance application. We can find that nonzero coefficients are
not randomly distributed but clustered spatially in the background subtracted image (Figure 1 (b)) and the foreground
mask (Figure 1 (c)). More specially, the R, G and B channels of the background subtracted image share a common
support set although the nonzero coefficients are spatially
clustered in each channel respectively.

(a)

(b)

(c)

(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 containing Gk,q -sparse data does not span all
k-dimensional subspaces of the union Ωk as in the conventional CS [4, 8, 6, 18, 23]. The former is far narrower than
the latter in most cases. The dynamic group clustering prior
significantly reduces the degrees of freedom of the sparse

signal since it only permits certain combinations of its support set rather than all random combinations. This will
make it possible for us to decrease the minimal measurement number m for stable recovery. Therefore, we need to
develop a new theorem on the sufficient condition for stable
dynamic group sparse data recovery.
Lemma 2: Suppose Gk,q -sparse data x ∈ Rn is known
to live in Lk,q k-dimensional subspaces aligned to Rn , and
Gk,q is the smallest union of these k-dimension subspaces.
For any t > 0, if
m = O(k + qlog(n/q))

(6)

then the subgaussian random matrix Φ ∈ Rm×n has the
A-RIP with constant δAk , where 0 < δAk < 1. The probability is at least 1 − e−t .
Proof: According to Lemma 1, the key point of the proof
is to find the value or upper bound of Lk,q . After we obtain
its value or upper bound, we can directly obtain the upper
bound of the measurement number m according to equation
5 in Lemma 1. Suppose the dimension of the sparse signal is
d. We know that k nonzero coefficients of Gk,q -sparse data
x ∈ Rn have clustered into q groups. Suppose that the i-th
group has ri nonzero coefficients. Thus, ri , i = 1, · · · , q
should be a natural number and their sum is k. Without loss
of generality, we can assume that n coefficients of x ∈ Rn
are divided into q regions, where the i-th region has nrk i
nonzero coefficients and every region is not overlapped with
other regions (While n/k is not an integer, we can round
them off and just keep their sum with n). Considering the
restrictions that ri , i = 1, · · · , q should be a natural number
q−1
and their sum is k, there are Ck−1
possible combinations.
q−1
According to Stirling’s formula, Ck−1
≤ eq (k/q)q−1 . For
each combination, we divide the original problem into q
small problems. For each small problem, it is equal to the
case where all ri nonzero coefficients are clustered into one
group. Thus, Lri ,1 ≤ nrk i (2d − 1)ri −1 for each small problem. Then, the number of all possible combinations for the
original problem is:
q
Y
nri
q−1
)(2d − 1)ri −1 )Ck−1
Lk,q ≤ ( (
k
i=1
n
≤ ( )q (2d − 1)k−q eq (k/q)q−1
(7)
q
If we do consider the overlapping problems between the
nonzero coefficients of neighboring regions, the number
of all allowed combinations for d-dimensional Gk,q -sparse
data should be further less than the right of this equation.
But the bound in equation 7 is enough for our proof. According to equation 5 in Lemma 1, we know:
2
12
m≥
(8)
(log(2Lk,q ) + klog(
) + t)
cδAk
δAk
Thus, we can easily obtain m = O(k + qlog(n/q)), which
proves the Lemma.

Lemma 2 shows that the number of measurements required for robustly recovering dynamic group sparsity data
is m = O(k + qlog(n/q)), which is a significant improvement over the m = O(k + klog(n/k)) that would be required by conventional CS recovery algorithms [4, 8, 18,
23]. While the group number q is smaller, more improvements can be obtained. While q is far smaller than k and k
is close to log(n), we can get m = 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 sparsity (DGS) recovery algorithm. From the introduction,
we know that only the SP [6] and the CoSaMP [18] have
better balance between theoretical guarantee and computation complexity among existing greedy recovery algorithms. Actually, these two algorithms have a similar framework. In this section, we demonstrate how to seamlessly integrate the dynamic group clustering prior into that framework.
Our algorithm includes five main steps in each iteration:
1) pruning the residue estimation; 2) merging the support
sets; 3) estimating the signal by least square; 4) pruning the
signal estimation and 5) updating the signal/residue estimation 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
is simple. We prune the estimation in the step 1 and step 4
using DGS approximation pruning rather than k-sparse approximation, as we only need to search over subspaces of
Ak,q instead of Cnk subspaces of Ωk . It directly leads to
fewer measurement requirement for stable data recovery.
The DGS pruning algorithm is described in algorithm 1.
There exist two prior-dependent parameters Jy and Jb . Jy
is the number of tasks if the problem can be represented as a
multi-task CS problem [13]. Jb is the block size if the interested problem can be modelled as a block sparsity problem
[1, 24, 22, 26]. Their default values are set as 1, which is
the case of traditional sparse recovery in compressive sensing. Moreover, there are two important user-tuning parameters, the weight w of neighbors and the neighbor number
τ of each element in sparse data. In practice, it is very
straightforward to adjust them since they have the physical meanings. The first one controls the balance between
the sparsity prior and the group clustering prior. While w is
smaller/bigger, it means that the degree of dynamic group
clustering is lower/higher in the sparse signal. Generally,
they are set as 0.50 s if there are not more knowledge about
that in practice. The parameter τ controls the number of
neighbors that can be affected by each element in sparse
data. Generally, it is good enough to set it as 2, 4 and 6 for

Algorithm 1. DGS approximation pruning

Input: x ∈ Rn {estimations}; k {the sparsity number};
Jy {task number}; Jb {block size}; Nx ∈ Rn×τ {values
of x’s neighbors}; w ∈ Rn×τ {weights for neighbors}; τ
{neighbor number}
n

Jx = Jy Jb ;x ∈ Rn is shaped to x ∈ R Jx ×Jx
n
Nx ∈ Rn×τ is shape to Nx ∈ R Jx ×Jx ×τ ;
n
for all i = 1, ..., Jx do
Combing each entry with its neighbors
z(i) =

Jx
X
j=1

x2 (i, j) +

Jx X
τ
X

w2 (i, t)Nx2 (i, j, t)

j=1 t=1

end forn
Ω ∈ R Jx ×1 is set as indices corresponding to the largest
k/Jx entries of z
for all j = 1, ..., Jx do
for all i = 1, ..., Jkx do
Obtain the final list
Γ((j − 1) Jkx + i) = (j − 1) Jkx + Ω(i)
end for
end for
Output: supp(x, k) ← Γ

1D, 2D and 3D data respectively.
Up to now, we assume that we know the sparsity number
k of the sparse data before recovery. However, it is not always true in practical applications. For example, we do not
know the exact sparsity numbers of the background subtracted images although we know they tend to be dynamic
group sparse. Motivated by the idea in [7], we develop a
new recovery algorithm called AdaDGS by incorporating
an adaptive sparsity scheme into the above DGS recovery
algorithm.
Suppose the range of the sparsity number is known to
be [kmin , kmax ]. We can set the step size of sparsity number as 4k. The whole recovery process is divided into
several stages, each of which includes several iterations.
Thus, there are two loops in AdaDGS recovery algorithm.
The sparsity number is initialized as kmin before iterations. During each stage (inner loop), we iteratively optimize sparse data with the fixed sparsity number kcurr until
the halting condition within the stage is true (for example,
the residue norm is not decreasing). We then switch to the
next stage after adding 4k into the current sparsity number
kcurr (outer loop). The whole iterative process will stop
whenever the halting condition is satisfied. For practical
applications, there is a trade-off between the sparsity step
size 4k and the recovery performance. Smaller step sizes
require more iterations and bigger step size may cause in-

Algorithm 2. AdaDGS Recovery
1:

2:
3:
4:
5:
6:
7:
8:
9:

Input: Φ ∈ Rm×n {sample matrix}; y ∈ Rm {sample
vector};[kmin , kmax ] {sparsity range}; 4k {sparsity
step size}
Initialization: residue yr = y; Γ = supp(x) = ∅;
sparse data x = 0; sparsity number k = kmin
repeat
Perform DGS recovery algorithm with sparsity number k to obtain x and the residue
if halting criterion false then
Update Γ, yr and k = k + 4k
end if
until halting criterion true
Output: x = Φ†Γ y

gle preceding frame, while the SRCA seeks that the current
frame can be best sparsely represented by all preceding image frames. Thus, the former can be thought as a special
case of SRCA.
Suppose a video sequence consists of frames I1 , ..., In ∈
Rm . Without loss of generality, we can assume that background subtraction has already been performed on the first
t frames. Let A = [I1 , ..., It ] ∈ Rm×t . Denote the background image and the background subtracted image by b
and f , respectively, for It+1 . From the introduction in Section 3.1, we know that f is dynamic group sparse data with
unknown sparsity number kf and group structure. According to SRCA, we have b = Ax, where x ∈ Rt should be kx sparse vector and kx << t. Let Φ = [A, I] ∈ Rm×(t+m) ,
where I ∈ Rm×m is an identity matrix. Then, we have:
·

accuracy. The sparsity range depends on the applications.
Generally, it can be set as [1, n/3], where n is the dimension of the sparse data. Algorithm 2 describes the proposed
AdaDGS recovery algorithm.

3.3. AdaDGS Background Subtraction
Background subtraction is an important pre-processing
step in video monitoring applications. There exist a lot
of methods for this problem. The Mixture of Gaussians
(MoG) background model assumes the color evolution of
each pixel can be modelled as a MoG and are widely used
on realistic scenes [21]. Elgammal et al. [10] proposed
a non-parametric model for the background under similar
computational constraints as the MoG. Spatial constraints
are also incorporated into their model. Sheikh and Shah
consider both temporal and spatial constraints in a Bayesian
framework [20], which results in good foreground segmentations even when the background is dynamic. The model in
[16] also uses a similar scheme. All these methods only implicitly model the background dynamics. In order to better
handle dynamic scenes, some recent works [17, 27] explicitly model the background as dynamic textures. Most dynamic texture modeling methods are based on the Auto Regressive and Moving Average (ARMA) model, whose dynamics is driven by a linear dynamic system (LDS). While
this linear model can handle background dynamics with certain stationarity, it will cause over-fitting for more complex
scenes.
The inspiration for our AdaDGS background subtraction
came from the success in online DT video registration based
on the sparse representation constancy assumption (SRCA)
[12]. The SRCA states that a new coming video frame
should be represented as a linear combination of as few
preceding image frames as possible. As a matter of fact,
the traditional brightness constancy assumption seeks that
the current video frame can be best represented by a sin-

It+1 = Ax + f = [A, I]

x
f

¸
= Φz

(9)

where z ∈ Rt+m is the DGS data with unknown sparsity
kx + kf . Background subtraction is thus formulated as the
following AdaDGS recovery problem:
(x0 , f0 ) = argminkzk0 , kIt+1 − Φzk2 < ε

(10)

which can be efficiently solved by the proposed AdaDGS
recovery algorithm. Similar ideas are used for face recognition robust to occlusion [25]. It is worth mentioning that the
coefficients in w corresponding to the x part are randomly
sparse while those corresponding to f are dynamic group
sparse. During the DGS approximation pruning, we thus
can set those coefficients in weight w for the x-related part
as zeros and those for f as nonzeros. Since we do not know
the sparsity number kx and kf , we can set sparsity ranges
for them respectively and run the AdaDGS recovery algorithm until the halting condition is true. Then, we can obtain
the optimized background subtracted image f and background image b = Ax. For long video sequences, it is impractical to build a model matrix A = [I1 , ..., It ] ∈ Rm×t ,
where t denotes the last frame number. In order to cope
with this case, we can set a time window width parameter
τ . We then build the model matrix, A = [It−τ +1 , ..., It ] ∈
Rm×(t−τ ) , for the (t + 1) frame, which can avoid the memory requirement blast for a long video sequence. The complete algorithm for AdaDGS based background subtraction
is summarized in Algorithm 3.

4. Experiments
For quantitative evaluation, the recovery error is defined
to indicate the difference between the estimation xest and
the ground-truth x:kxest − xk2 /kxk2 . All experiments are
conducted on a 3.2GHz PC in Matlab environment.

Algorithm 3. AdaDGS Background Subtraction

7:

4.1. 1D Simulated Signals
In the first experiment, we randomly generate a 1D
G(k, q)-sparse signal with values ±1, where n = 512,
k = 64 and q = 4. The projection matrix Φ is generated
by creating a m × n matrix with i.i.d. draws of a Gaussian
distribution N (0; 1), and then the rows of Φ are normalized to the unit magnitude. Zero-mean Gaussian noise with
standard deviation σ = 0.01 is added to the measurements.
Figure 2 shows one generated signal and its recovered results by different algorithms when m = 3k = 192. As
the measurement number m is only 3 times of the sparsity
number k, both of other algorithms can not obtain good recovery results, whereas the DGS obtains almost perfect recovery results with the least running time. To study how
the measurement number m effects the recovery performance, we change the measurement number and record the
recovery results by different algorithms. To reduce the randomness, we execute the experiment 100 times for each of
the measurement numbers in testing each algorithm. Figure 3 shows the performance of 5 algorithms with increasing measurements in terms of the recovery error and running time. Overall, the DGS obtains the best recovery performance with the least computation; the recovery performance of GPSR, SPGL1-Lasso and SP is close; and the
l1 −norm minimization based GPSR and SPGL1-Lasso require more computation than greedy algorithms such as the
OMP, SP and our DGS. In the three greedy algorithms, the
OMP has the worst recovery performance. All these experimental results are consistent with our theorem: the proposed DGS algorithm can achieve better recovery performance for DGS data with far few measurements and less
computation complexity.

4.2. 2D Color Images
To validate the proposed recovery algorithm on 2D images, we randomly generate a 2D G(k, q)-sparse color
image by putting four digits in random locations, where
n = H ∗ W = 48 ∗ 48, k = 152 and q = 4. The projection matrix Φ and noises are generated with the similar
method as that for 1D signal. The G(k, q)-sparse color im-

(a) Original Signal

(b) GPSR

1

(c) SPGL1-LASSO

1

1

0

0

0

-1

-1

-1

100 200 300 400 500
(d) OMP

100 200 300 400 500
(e) SP

100 200 300 400 500
(f) DGS

1

1

1

0

0

0

-1

-1

-1

100 200 300 400 500

100 200 300 400 500

100 200 300 400 500

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
(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
time is 0.1100 seconds);(f) DGS recovery (error is 0.0178 and time
is 0.0605 seconds).
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Input: The video sequence I1 , ..., In , the number t
which means 1st ∼ tth have been performed background subtraction, the time window width τ ≤ t
for all j = t + 1, ..., n do
Set A = [Ij−τ , ..., Ij−1 ] and form Φ = [A, I]
Set y = Ij and the sparsity ranges/step-sizes
(x0 , f0 ) = AdaDGS(Φ, y)
end for
Output: Background subtracted images
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Figure 3. Recovery errors vs. measurement numbers: a) recovery
errors; (b) running times

age has a special property: the R, G and B channels share
a common support set, while the nonzero coefficients have
dynamic group clustering trends within each channel. Thus,
the recovery of DGS color images can be considered as a
3-task CS recovery problem. As for the input parameters
of DGS in this case, we just need to set Jy as 3 and keep
other default parameters unchanged. Considering the MCS
is specially designed for multi-task CS problems, we will
compare it with DGS and SP. Figure 4 shows one example
2D G(k, q)-sparse color image and the recovered results by
different algorithms when m = 440. Figure 5 shows the
performance of the three algorithm, averaged over 100 random runs for each sample size. The DGS achieves the best
recovery performance with far less computation. It is easily
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;
thus it achieves better results than MCS, which only uses
two priors. The SP is the worst since it only uses one prior.
This experiment clearly demonstrates: the more valid priors
are used for sparse recovery, the more accurate results we
can achieve. That is the main reason why DGS, MCS and
SP obtained the best, good and the worst recovery results.

Figure 5 (b) shows the comparison of running times by the
three algorithms. It is not surprising that the running times
with DGS are always far less than those with MCS and a
little less than those with SP for all measurement numbers.

8 show the background subtraction results on two other
videos [10, 17]. Note that our results without postprocessing can compete with others with postprocessing. The results show the proposed AdaDGS model can handle well
highly dynamic scenes by exploiting the effective sparsity
optimization scheme.
(a) Original

(a)

(b)

(c)

(b) AdaDGS

(c) AdaDGS

(d) Robust Kalman

(d)

Figure 4. Recovery results of a 2D color image: (a) original color
image, (b) recovered image with MCS [13] (error is 0.8399 and
time is 29.2656 seconds), (c) recovered image with SP [6] (error is
0.7605 and time is 1.6579 seconds) and (d) recovered image with
DGS (error is 0.1176 and time is 1.0659 seconds).
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 model [27]

1.4
MCS
SP
DGS

1.2

0.8
0.6
0.4
0.2

MCS
SP
DGS

40
Running Time (Second)

Recovery Error

1

30

(a) Original

20

(b) AdaDGS

(c) KDE

(d) MoG

10

0
-0.2
350

400

450
500
550
Measurement number

600

650

0
350

(a)

400

450
500
550
Mesurment Number

600

650

(b)

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

4.3. Background Subtraction
Background subtracted images are typical G(k, q)sparse data. They generally correspond to the interested
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 it
not only can automatically learn the sparsity number and
group structures but also is a fast enough greedy algorithm.
The first experiment is designed to validate the advantage
of the AdaDGS model. We test the proposed algorithm on
Zhong’s dataset [27]. The background subtracted images
can be directly obtained with the proposed AdaDGS. The
corresponding binary mask of these images are obtained
with the simple threshold. The Zhong’results with robust
Kalman model are also shown for comparisons. Figure 6
shows the results. Note that all results with AdaDGS are
not post-processed with morphological operations and the
results are directly the solutions of the optimization problem in Equation 10. It is clear that our AdaDGS produces clean background subtracted images, which shows
the advantages of the DGS model. Figure 7 and Figure

Figure 7. Results on the Elgammal’s dataset. (a) original frame,
(b) with AdaDGS, (c) with KDE model [10] (d) with MoG [21]

(a) Orignial

(b) AdaDGS

(c) Monnet etc

(d) MoG

Figure 8. Results on Monnet’s dataset. (a) original frame, (b) with
AdaDGS, (c) with Monnet’s method [17] and (d) with MoG [21]

4.4. Discussion
All experimental results show the proposed algorithms
gain marked improvement over previous algorithms when
DGS priors are available. From a practical perspective, the
proposed DGS/AdaDGS can recover DGS data with higher
accuracy and lower computational complexity from fewer
measurements. From a theoretical point of view, Lemma
2 offers a stronger guarantee for DGS/AdaDGS to achieve

stable recovery. Moreover, we provide a generalized framework for priors-driven sparse data recovery algorithms. Using different input parameter settings, it can perform sparse
recovery, multi-task sparse recovery, group/block sparse recovery, DGS recovery, and adaptive DGS recovery, respectively. Group structure and sparsity number are not mustknows for our algorithm, which makes it flexible and applicable in many practical applications; as far as we know,
this property of our algorithm is unique among all existing
sparse recovery algorithms.

5. Conclusions
In this paper, we extend the theory of CS to efficiently
handle dynamic group sparse data. Based on this extended theory, the proposed algorithm can stably recover
dynamic group-sparse data using far fewer measurements
and less computation than the current state-of-the-art algorithms with provable guarantees. It has been applied to
sparse recovery and background subtraction on both simulated and practical data. Experimental results demonstrate
the performance guarantee of the proposed algorithm and
show marked improvement over previous algorithms.
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