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Abstract

Background subtraction in dynamic scenes is an im-
portant and challenging task. In this paper, we present
a novel and effective method for dynamic background
subtraction based on covariance matrix descriptor. The
algorithm integrates two distinct levels: pixel level and
region level. At the pixel level, spatial properties that
are obtained from pixel coordinate values, and appear-
ance properties, i.e., intensity, texture, gradient, etc, are
used as features of each pixel. In the region level, the
correlation of features extracted at the pixel level is rep-
resented by a covariance matrix that is calculated over
a rectangle region around the pixel. Each pixel is mod-
eled as a group of weighted adaptive covariance ma-
trices. Experimental results on a diverse set of dynamic
scenes show that the proposed method dramatically out-
performs traditional methods for dynamic background
subtraction.

1. Introduction

Moving objects detection in a video sequence has
emerged as a central task in many applications such
as visual surveillance, action analysis and human-
computer interaction. Background subtraction is an ef-
ficient method for solving this task, which first builds
and maintains the background model for the scene, and
then pixels in next frame that are unlikely to be gener-
ated by this model are labeled as foreground. The out-
put of background subtraction is the input of some high
level visual tasks and its performance will significantly
effect the whole system.

Considering the intensity values of a pixel over time
as a observation process, the distribution of this process
can be modeled by a single Gaussian distribution. Pix-
els that have smaller probabilities in this distribution are
labeled as foreground pixels [8]. In [6], the mixture of
Gaussians approach was used to model the background.

The Gaussian assumption for pixel intensity distribu-
tion does not always hold. To deal with the limitations
of parametric methods, a non-parametric approach to
background subtraction was proposed in [1]. The pro-
posed method utilizes a general non-parametric kernel
density estimation technique for building a statistical
representation of the background without any assump-
tions about the underlying distributions.

However, these pixel-based methods mentioned
above do not consider the correlation between pixels.
They will fail when the scenes to be modeled are dy-
namic natural scenes, which include repetitive motions
like swaying vegetation, waving trees, rippling water,
etc. Region-based algorithms usually divide an image
into blocks and calculate block-specific features. In [4],
the block correlation is measured using the normalized
vector distance measure. In [3], an edge histogram cal-
culated over the block area is used as a feature vector
describing the block. These region-based approaches
allow only coarse detection of the moving objects.

To overcome the shortcomings of the existing ap-
proaches for dynamic natural scenes, in this paper, we
introduce the covariance matrix descriptor [7] to back-
ground subtraction and present a novel and effective
covariance-based method for dynamic background sub-
traction. The algorithm integrates two distinct levels:
pixel level and region level. At the pixel level, spatial
properties that are obtained from pixel coordinate val-
ues, and appearance properties, i.e., intensity, texture,
gradient, etc, are used to describe each pixel. In region
level, the correlation of features obtained at the pixel
level is represented by a covariance matrix that is cal-
culated over a rectangle region around the pixel. Each
pixel is modeled as a group of weighted adaptive co-
variance matrices.

The remainder of this paper is laid out as follows.
The construction of the covariance matrices is presented
in Section 2. In Section 3, we describe the covariance-
based background modeling and foreground detection.
Experiments and analysis are shown in Section 4, fol-
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lowed by some conclusion in Section 5.

2. Construction of covariance matrices

In [6], a covariance matrix descriptor is presented
and used in object detection and classification. It
achieves superior performance. Inspired by the work
in [7], we introduce the covariance matrices as region
descriptor for background subtraction. In order to make
this descriptor be more suitable to our problem, we con-
struct the covariance matrix differed from work in [7].

Let I be a one dimensional gray or three dimensional
color image and F be the W ×H × d dimensional fea-
ture image extracted from I

F (x, y) = φ(I, x, y) (1)

where the function φ can be any mapping such as in-
tensity, texture, gradients, etc. For a given rectangular
region R ⊂ F , let {fk}k=1,2,...,n be the d-dimensional
feature vectors inside R. Differed from the work in [6],
the feature vector fk is constructed by using two types
of attributes: spatial attributes that are obtained from
pixel coordinate values, and appearance attributes such
as intensity, Local binary patterns (LBP) code and the
norm of the first order derivative of the intensity with
respect to x and y as follows:

fk = [x, y, I(x, y), LBP (x, y), |Ix(x, y)|, |Iy(x, y)|]
(2)

where x and y are pixel coordinate values. LBP code
is computed by thresholding the neighbourhood of each
pixel with the center value and denoting the result as a
binary number [5].

We represent an M × N rectangular region with a
d× d covariance matrix

CR =
1

MN

MN∑

k=1

(fk − µR)(fk − µR)T (3)

where µr is the mean vector of feature vectors in R.
There are several advantages of using covariance matri-
ces as region descriptors for dynamic background sub-
traction. First, the noise corrupting individual samples
are largely filtered out with the average filter during co-
variance computation. Second, the covariance is invari-
ant to mean changes such as identical shifting of color
values. This is very valuable when scenes are under
varying illumination conditions. Third, diagonal entries
of the covariance matrix character the variance of each
dimensional feature and other entries character the cor-
relation of the each dimensional feature with the other
dimensional features, which is very important for dy-
namic background modeling to consider correlation be-

tween pixels and features. Finally, it is possible to com-
pute covariance matrices from feature images in a very
fast way using integral image representation [7].

3. A covariance-based dynamic background
subtraction

3.1. Background modeling

Let R be an M × N rectangular region centered on
the pixel (x, y). The covariance matrix computed over
this region is used as the feature vector of this pixel. The
background model for the pixel consists of a group of
K adaptive covariance matrices, {C1, . . . , CK}. Each
model matrix has a weight between 0 and 1 such that
the weights of the K model matrices sum up to one.
The weight of the kth model matrix is denoted by ωk.
In the following, we utilize some ideas proposed in [6]
to update the background model.

C ′ denotes the covariance matrix of the pixel (x, y)
computed from the new video frame. At the first stage
of processing, C ′ is compared to the current K model
matrices using the distance measure proposed in [2]

ρ(A,B) =

√√√√
d∑

i=1

ln2 λi(A,B) (4)

where A and B are the covariance matrices and
{λi(A,B)}i=1,...,d are the generalized eigenvalues of
A and B.

If the distance is larger than the threshold Tp for all
K model matrices, the model matrix with the lowest
weight is replaced with C ′ and is given a low initial
weight. If there are distances less than the threshold
for some model matrices, the best match is selected as
the model matrix with the lowest distance value. The
best matching model matrix is updated adaptively by
the new data as follows:

Ck(i, j) = αbC
′(i, j) + (1− αb)Ck(i, j), αb ∈ [0, 1]

(5)
where i and j are row and column index of the matrix
respectively. αb is a user-settable learning rate. Further-
more, the weights of the model matrices are updated as
follows:

ωk = αωMk + (1− αω)ωk, αω ∈ [0, 1] (6)

where αω is another user-settable learning rate and Mk

is 1 for the best matching matrix and 0 for the others.
The adaptation speed of the background model is con-
trolled by the learning rate parameters αb and αω. The
larger the learning rate, the faster the adaptation.



Next, it is needed to decide which matrices are most
likely produced by the background processes. We use
the persistence of the matrix as an evidence for this. It
can be seen from Eq. 6 that the persistence is directly
related to the matrix’s weight. The larger the weight
value, the higher the probability of being a background
matrix.

As a last stage of the updating procedure, we sort the
model matrices in decreasing order according to their
weights. As a result, the most probable background ma-
trices are on the top of the list. The first B matrices are
selected to be the background matrices as follows:

B = arg min
b

(
b−1∑

k=0

ωk > TB), TB ∈ [0, 1] , (7)

where TB is the user-settable threshold for the selec-
tion. If we are modeling a unimodal background, a
small value for TB should be sufficient. In the case of
a multi-modal background, a larger value for TB is re-
quired.

3.2. Foreground detection

Foreground detection is done before updating the
background model. The new covariance matrix C ′ is
compared with the current B background matrices us-
ing the same distance measure as in the update algo-
rithm. If the distance is lower than the distance thresh-
old TP for at least one background matrix, the pixel is
classified as background. Otherwise, the pixel is labeled
as foreground.

4. Experiments and analysis

We conducted experiments using two dynamic natu-
ral scenes. The first is the scene which involves heavily
waving trees. The second is the scene of the fountain
which involves waving trees, the fountains and shadow
of the trees. The image resolutions are 160 × 120 and
360× 240 respectively. We use both visual and numer-
ical methods to evaluate proposed method. Numerical
evaluation is done in terms of false negatives (the num-
ber of foreground pixels that were missed) and false
positives (the number of background pixels that were
marked as foreground). The ground truth frames are
obtained by manually labeling some frames from the
image sequences. Two widely-used methods, Mixture
of Gaussians (MoG) [6] and Kernel Density Estimation
(KDE) [1] are employed to compare with the proposed
covariance-based method (CM).

Experimental results on two test sequences are
shown in Fig. 1 and Fig. 2. Note that morphological
operators are not used in the results.

Figure 1. Experimental results of waving
trees sequence. The top row are the orig-
inal frames 247, 249, 254, and 256, the sec-
ond row are the ground truth frames, and
the third row results are obtained by the
proposed method. The fourth and fifth
rows are the results obtained by the KDE
and MoG, respectively.

As shown in Fig. 1 and Fig. 2, traditional pixel based
MoG and KDE methods can not accurately detect mov-
ing objects in dynamic scenes. They label large num-
bers of moving background pixels as foreground and
also output a huge amount of false negatives on the in-
ner areas of the moving object. However, the proposed
method can accurately distinguish moving background
pixels and true moving objects. It dramatically outper-
forms other methods. The reason for this is that the pro-
posed method integrates pixel based and region based
statistics by covariance matrices and considers the cor-
relation between pixels, which is very important to ac-
curately label those moving background pixels.

Table. 1 and Table. 2 show the corresponding num-
ber evaluation of Fig. 1 and Fig. 2. From the compar-
isons, the proposed method gives less false positives
and false negatives than the comparison methods. It
should be noticed that, for the proposed method, most
of the false positives occur on the contour areas of the
moving objects. This is because the covariance matri-
ces are computed in a region. We do not take such false
positives into account since they are negligible for most
high level vision applications.



Figure 2. Experimental results of fountain
sequence. The top row are the original
frame 594, 598, 610 and 616, the second
row are the ground truth frames, and the
third row results are obtained by the pro-
posed method. The fourth and fifth rows
are the results obtained by the KDE and
MoG, respectively.

Table 1. Comparison results of false pos-
itives (FP) and false negatives (FN) on
waving trees sequence

Method 247th 249th 254th 256th

CM FP 0 45 9 67
FN 32 104 31 187

KDE FP 1375 1686 639 1754
FN 65 117 118 120

MoG FP 799 828 440 957
FN 119 271 1058 207

5. Conclusion

A novel approach to dynamic background subtrac-
tion was presented, in which each pixel is modeled
as a group of weighted adaptive covariance matrices
calculated over a rectangle region around the pixel.
The covariance matrix integrates the pixel level and re-
gion level features together and effectively represents
the correlation of features, which are very efficient to
model the dynamic natural scenes. Experimental results
showed that the proposed method dramatically outper-
formed traditional methods for the dynamic background

Table 2. Comparison results of false pos-
itives (FP) and false negatives (FN) on
fountain sequence

Method 594th 598th 610th 616th

CM FP 0 73 43 0
FN 1 294 153 10

KDE FP 578 759 3335 3733
FN 823 672 1855 954

MoG FP 1177 865 1951 1309
FN 1548 1767 3077 2289

subtraction.
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