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Abstract 
 

Most background subtraction methods focus on dynamic and complex scenes without 
considering robustness against noise. This paper proposes a background subtraction algorithm 
based on dictionary learning and sparse coding for handling low light conditions. The 
proposed method formulates background modeling as the linear and sparse combination of 
atoms in the dictionary. The background subtraction is considered as the difference between 
sparse representations of the current frame and the background model. Assuming that the 
projection of the noise over the dictionary is irregular and random guarantees the adaptability 
of the approach in large noisy scenes. Experimental results divided in simulated large noise 
and realistic low light conditions show the promising robustness of the proposed approach 
compared with other competing methods. 
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1. Introduction 

The continuous improvement of equipment manufacturing and computer processing 
capability led to the wide application of intelligent video surveillance technology to industry, 
defense, transportation, and other fields. One of the goals of this technology is to simulate the 
function of the human visual system, such as object tracking, classification, and behavior 
understanding, in an arbitrary scene. However, these smart applications are based on motion 
detection that correctly detects moving targets and exactly segments them. Three methods of 
motion detection have been developed in previous literature: optic flow, frame difference, and 
background subtraction. 

The optic flow method [1, 23, 24] assigns a velocity vector to each pixel of image that forms 
an optic flow field. The optic flow field is an approximate estimate of the true motion field that 
reflects the gray changing trend of pixels. This method can detect motion object without any 
information of scene or with a stationary camera. However, sensitivity of light and complexity 
of computation restrict its application in video surveillance systems [2]. 

Frame difference is based on a threshold difference between the previous and the current 
frames. This method efficiently performs in computational terms and grants a prompt object 
motion detection between two frames [3]. Nevertheless, it suffers two well-known drawbacks 
[4] caused by frame rate and object speed: foreground aperture and ghosting. Moreover, it 
lacks the flexibility to handle the dynamic and complex scene. 

Background subtraction [5-10, 14-16, 30] establishes a background model of the monitored 
scene through a suitable method and then calculates the difference between the current frame 
and the background model, which segments the foreground area from the scene. It can solve 
issues of frame difference and robustly perform in the dynamic scene by using the background 
update procedure. A large number of algorithms have been developed to represent the 
statistical model of the background [25]. These methods perform at the level of pixel and 
ignore the correlation of spatial information. Wren et al. [5] independently modeled the 
background at each pixel location with a Gaussian probability density function. Later, 
Friedman and Russell [6] used three Gaussian distributions that correspond to the road, 
shadow, and vehicle to model the traffic surveillance system. Stauffer and Grimson [7] 
extended this opinion by employing a mixture of multiple Gaussian distributions to model the 
pixels in the scene. It has been proved to be a popular solution to the modeling of complex 
background. When the assumptions imposed by the selected model in parametric methods fail, 
the non-parametric approaches are a better choice. In non-parametric approaches, a kernel is 
created around each of the previous samples, and the density is estimated using an average 
over the kernels. Elgammal et al. [8] proposed a normal kernel that can deal with arbitrary 
shapes of the density function. Unlike the methods of statistical background model, Oliver et 
al. [9] considered the spatial configuration that captured the Eigen backgrounds by eigenvalue 
decomposition based on the whole image. Later Monnet et al. [10] proposed an incremental 
principal component analysis (PCA) method to predict model states, which can be used to 
capture motion characteristics of backgrounds. In practical applications, a robust PCA 
approach [11–13] was proposed that is more effective than the incremental PCA method. The 
spatial correlated approaches can effectively deal with the brightness and other global changes. 
In addition, employing compressive sensing theory in solving background subtraction has 
been successful in recent years. Cevher et al. [14] assumed that the majority of the pixels in a 
frame belong to the background. Thus, the foreground is sparse after background subtraction. 
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Subsequently, Zhao et al. [15] further developed this idea by adding an assumption that the 
background also has a sparse representation and learning a dictionary to characterize the 
background changes. 

1.1 Contribution and Organization 

The aforementioned methods are mainly for the complex and dynamic scene in the 
background, such as rain, snow, waves and shaking trees, without considering low light or 
noisy environment. Large noise, low value and small differences in grey level are the typical 
characteristics of low light images. Excessive large noise and low grey value would bring 
negative influence on detection, which leads to the existing motion detection methods perform 
inappropriately.  

In this paper, we propose a robust background subtraction method based on dictionary 
learning and sparse coding to handle the large noise condition. Firstly, this paper formulates 
the background modeling step as a sparse representation problem and regards the background 
subtraction as the sparse projection over the dictionary. Then it detects the foreground as the 
difference between the reconstructed image and the background model.  

Secondly, different from the assumptions of [14, 15], we put forward a significant 
assumption that statistical noise is typically distributed through the larger space 
anisotropically. Then analysis and certify this assumption in the latter section. Based on this 
assumption, the proposed method can remove the influence of large noise distinctly and 
perform robust under different large noise and low light environments as a result of sparse 
representation. 

The rest of this paper is organized as follows: Section 2 describes the basic principle of the 
proposed method based on three assumptions. Section 3 presents the mathematical 
formulation of the proposed method. Section 4 shows the comparison of the experimental 
results with those of the existing methods on public testing datasets with simulated noise and 
realistic low light videos. Section 5 concludes and discusses future possible research direction. 

2. Basic principle 
According to the approximate description of the proposed method in Section 1, the proposed 
approach can be divided into three parts: background modeling by dictionary learning and 
sparse coding, sparse representation of the current frame and foreground detection. This 
Section will introduce the principles of these parts based on the following assumptions that 
theoretically provide a reasonable explanation of the proposed method. 

In the framework of background subtraction, the current frame I  can be linearly 
decomposed as follows: 

B FI I I= +  (1) 

where BI  is the background model and FI  is the foreground candidate.  
The background model BI  is the most critical step to the success of background subtraction 

approach. This model is established with the linear and sparse combination of the atoms in the 
dictionary D , which is based on the idea of background modeling with basis vectors [9]: 

BI D α= ×  (2) 

where α  is the sparse coefficient. 
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Compared with the eigenvalue decomposition [9], the sparse decomposition over a 
redundant dictionary is more effective in applying signal processing. The background can be 
represented sparsely by projecting on the atoms of the dictionary. This process leads to the first 
assumption similar to [15]: 

Assumption 1: The background of an arbitrary scene can be sparsely and linearly represented 
by the atoms of the dictionary. 

Sparse representation always aims that the reconstruction signal can be as close as possible 
to the original one. When a moving target enters into the scene, it changes the structure of the 
background, and the original sparse representation will not be the same. In other words, when 
the test frame with moving objects is presented by the subspace spanned by pure background 
bases, the unchanged area of the scene can be well recovered. By contrast, the changed area 
would be reconstructed with a deviation of the projection on such subspace. Measuring this 
deviation satisfies the purpose of detection. The second assumption is proposed based on the 
above-mentioned analysis: 

Assumption 2: The foreground leads to the changing of the background and greatly 
transforms the projection over the dictionary. 

 
Fig. 1. Process of sparse coefficients changing when a foreground enters the scene. The dictionary D  
and sparse coefficients α  are employed to represent the pure background model and the scene with 
foreground. Fig. 1A is the sparse representation of the pure background as described in Assumption 1. 
Then, the foreground breaks the original equation, as shown in Fig. 1B. The dictionary D  can be 
obtained by employing the learning algorithms such as K-SVD and Online Dictionary Learning, and the 
coefficient α  is a sparse coding problem. 

Fig. 1 shows the process of sparse coefficients changing when a foreground enters into the 
scene. Fig. 1A shows the sparse representation of the pure background as described in 
Assumption 1. Then, the foreground breaks the original equation, as shown in Fig. 1B. 

The two predominant sources of noise in digital image acquisition are the stochastic nature 
of the photon counting and the intrinsic thermal and electronic fluctuations of the acquisition 
devices [17]. Under the normal illumination circumstance, the second noise is the primary 
component. When the light decreases, the rapid increase of the first noise brings a large 
number of noise to the captured images. When the noise flashing level is very large, the 
existing detection methods become ineffective. To guarantee the adaptability of the proposed 
method under low light condition, a noise assumption is proposed: 

 

Assumption 3: The projection of the noise over the dictionary is irregular and random. 
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Fig. 2. Comparison of sparse coefficients. The red curve in Fig. 2A is the sparse coefficient of the 
original background projected on the dictionary, and the blue one is the scene with foreground. The 
other three curves in Fig. 2B-D are the background with Gaussian white noise ( 400σ = ), Poisson noise 
( 500α = ) and mixture of both ( 250σ = , 250α = ). 

 

Fig. 2 shows the comparison of the sparse coefficients under different circumstances in a 
certain background. The red curve in Fig. 2A represents the sparse coefficients of the original 
background projected on the learned dictionary, and the blue one is a case with foreground 
entering. When these two curves are compared, the foreground significantly and regularly 
changes the sparse coefficients. Regardless of the types of foreground, it always has a certain 
structure that presents the regular coefficients over the bases. The other three curves in Fig. 
2B-D are the background with Gaussian white noise ( 400σ = ), Poisson noise ( 500α = ) and 
mixture of both ( 250σ = , 250α = ). These three curves randomly and confusedly reflect the 
sparse coefficients of the noise distributes on the dictionary as described in Assumption 3. 
Regardless of the types of noise, the randomness and anisotropy of noise determine the 
disorder of the distribution on the whole dictionary. Thus, when reconstructing an image 
through the sparse model, only several atoms in the dictionary are selected to represent the 
original signal. Most of the noise can be effectively removed. These factors ensure the 
proposed method is suitable for handling large noise environments. 

3. Proposed method 
The three assumptions described in Section 2 are the bases of the proposed method. First, 
according to Assumption 1, dictionary learning is applied to obtain the basis vectors of the 
scene. Then, sparse coding is combined with dictionary learning to model the background of 
the scene. For an arbitrary frame, the proposed method projects it on the learned dictionary to 
acquire the sparse representation. Finally, the difference between the sparse representations of 
the background model and the current frame are regarded as the detection criteria. Fig. 3 
shows the flowchart about the detailed process of the proposed method. 
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Fig. 3. Flowchart of the proposed method. 

3.1 Background modeling 
In (2), the background model is formulated as the linear and sparse combination of the atoms 
in the dictionary D . Dictionary has been proved very effective for signal reconstruction and 
classification in audio and image processing domains [18]. Compared with the traditional 
signal decomposition methods such as wavelet and PCA, dictionary learning does not 
emphasize the orthogonality of bases. Thus, it represents the signal as having better 
adaptability and flexibility. 

 
Fig. 4. (a) Training set established with N  samples. Each image is divided into m l×  blocks of size 
n n×  pixels. (b) Learned dictionary with 256 atoms by Online Dictionary Learning [18]. 

The background frames without foreground are extracted from the surveillance video to 
form a training set with N  samples. Fig. 4(a) shows that each of the collected images is 
divided into m l×  blocks of size n n×  pixels. The thj  image block of the thi  sample can be 
vectorized as j

ix . Then the thj  image block of each sample is combined and it consists of a 
training set of { 1, , }j

j iX x i N= =


 . Its dictionary jD  satisfies the following formula [18, 
19]: 

2

12
1

arg min min( )
j i

N
j

j i j i iD i
D x D

α
α λ α

=

= − +∑   (3) 

where iα  is the thi  sparse coefficient and λ  is a regularization parameter. 
The Online Dictionary Learning algorithm [18] is used in this study to solve Formula (3). 

The learned dictionary with 256 atoms is shown in Fig. 4(b). The algorithm adopts the 
stochastic gradient descent method in each loop to choose a vector j

ix  that is regarded as tx  
from jX  and t  is the times of the repeat. It applies sparse coding based on the previous 1t −  
loops to obtain the tht  decomposition coefficient tα . The formula is as follows: 

2
1 2 1

1arg min
2k

t t tx D
α

α α λ α−
∈

= − +
R

 (4) 
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Sparse coding is a class of methods that automatically choose good basis vectors for 
unlabeled data. The Least Angle Regression algorithm [20] can solve Formula (4), especially 
when the solution is sufficiently sparse. Furthermore, the solution is precise and does not rely 
on the correlation of atoms in the dictionary unless the solution is not unique. Then the 
dictionary 1 1[ , , ]t kD d d− =   is updated column by column and a new dictionary tD  is 
obtained. The update rules are as follows: 

( )

2

1 a

1
max( ,1)

j j j j
jj

j j
j

u b D d
A

d u
u

 ← − +


 ←


 (5) 

where 1 1
[a , , a ] t T

k i ii
A α α

=
= = ∑  and 1 1

[ , , ] t T
k i ii

B b b xα
=

= = ∑ . When the background of a 
scene changes, the above-mentioned update rules can be used to update the background model, 
thereby ensuring robustness. 

Sparse coding and dictionary updating are alternately performed until the times of iteration 
are achieved. This algorithm is simple, fast, and suitable for large-scale image processing. 
Mairal et al. [18] have shown that the algorithm can converge to a fixed point. The 
above-mentioned method is applied onto each block and then the whole image dictionary D  
and sparse coefficients α  are obtained. The process of background modeling is then 
completed with (2), as described in Algorithm 1. 

Algorithm 1: Background modeling 
Input: m l× (number of blocks), T (number of iterations), λ (regularization parameter), 

k (number of atoms), 0
iD (initial dictionary for thi block). 

for 1i = to m l× do 
for 1t = toT do 

(a) Sparse coding: fixed 1t
iD − , employ LARS algorithm [20] to solve (4) and get 

      the sparse coefficients 1tα − ; 
(b) Dictionary update: update the dictionary [ ]1

1, ,t
i kD d d− =  column by column 

 with (5) and obtain a new dictionary t
iD ; 

end 
Compute the sparse coefficients iα over the final dictionary iD ; 

end 

Compute the background model with (2): [ ]
1

1, ,

T

B m l
T
m l

I D D D
α

α
α

×

×

 
 = × = ×  
  

  ; 

Output: the background model BI . 
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3.2 Foreground detection 
After the background model is established, the next step is to detect the foreground. Similar to 
the process of background modeling, the sparse coefficients α′  on the dictionary D  for an 
arbitrary frame I  can be obtained by sparse coding. Referring to the idea of the background 
subtraction method, the foreground is detected by the differences between the sparse 
representation of the current frame I  and the background model BI . Thus, the foreground that 
enters the monitored scene can be presented as follows: 

F BI I I D Dα α′= − = −  (6) 

The differences of FI  are calculated in blocks, and they are summed up as vector ∆ : 

( )
2

1
1,2, ,

n
j

F
p

I p j m l
=

  ∆ = = × 
  
∑   (7) 

where ( )j
FI p  is the thp  pixel of the thj  block in FI . 

Then the threshold region T is used to judge ( )j∆ . The structure of the thj  block in this 
region does not change, i.e., no foreground accesses. By contrary, if an object enters the scene, 
then ( )j∆  is set to 0. This study assumes that the data in the ∆  approximately follow the 
Gaussian distribution. Therefore, the upper and lower limits of the threshold region T  are set 
with 3σ  criterion: 

max

min

3
3

T
T

µ σ
µ σ

= +
 = −

 (8) 

where µ  and σ  are the mean and variance respectively of the differences between images in 
the training set and background model. 

However, avoiding an isolated point that appears in the detection results is difficult for one 
time of judgment with certain threshold. The results of the previous threshold judgment are 
post-processed with weight coefficients. Given that the pixels in an object are monolithic, the 
image block can be determined according to its neighbor: 

( ) ( ) ( ) ( )
( )

1 j
k neighbor j

j SSIM j k
∈

 
′∆ = − ∗ ∆ + ∆  

 
∑  (9) 

where ( )neighbour j  is the 3 3×  neighborhood of the thj  block. jSSIM  is the value of 
Structural Similarity Index Measurement [21] between the thi  block of the current frame and 
the background model. 1 jSSIM−  is the weight coefficient that adequately uses the structure 
information. If the block of the current frame is similar to the one in the background model, the 
1 jSSIM−  would be very small. The ( )j′∆  would then be low and the block would not be 
regarded as the foreground. Formula (9) can enhance the effect of foreground segmentation. 
The detailed algorithm about foreground detection is described in Algorithm 2. 
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Algorithm 2: Foreground detection 

Input: I (test frame), m l× (number of blocks), jD (learned dictionary for the 

thj block), minT (minimum of threshold region), maxT (maximum of threshold region). 

for 1j = to m l× do 

Compute the sparse coefficients jα′ of the thj block in I over the dictionary jD ; 
j

F j j j jI D Dα α′← − ; 

( ) ( )
2

1

n j
Fp

j I p
=

∆ ←∑ ; 

if ( ) maxj T∆ ≥ or ( ) minj T∆ ≤  

( ) 0j∆ ← ; 

end 

end 

for 1j = to m l× do 

Compute the jSSIM between the thj block of I and BI ; 

Compute new score ( )j′∆ with (9); 

if ( ) maxj T′∆ ≥ or ( ) minj T′∆ ≤  

( ) 0j′∆ ← ; 

end 

end 

Select the zero value in ′∆ as the index of the block to identify the foreground; 

Output: the foreground FI . 

4. Experiments 

To show the qualitative and quantitative performance of the proposed method, it has been 
tested under different levels of light and noise conditions. The experiments are implemented in 
two parts: on the public testing datasets [22] and on realistic low light videos. The realistic 
videos are converted to 360 240×  size, similar to the size of datasets in [22] to provide an 
even comparison. 

4.1 Implementation details 
Different levels of Gaussian noise, Poisson noise, or mixture of both are added to the images in 
the public testing dataset [22]. The following equation presents the process of artificial noise: 

nI y nα= +  (10) 

where nI  is the pixel value of the noise image and α  is the scale factor. y and n  obey the 
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distribution of Poisson ( )P λ  and Gaussian 2( , )N µ σ  respectively. λ  is the pixel value of the 
original image. µ  and σ  are the mean and variance of the Gaussian noise. The different 
degrees of noise images can be obtained by adjusting the parameters of (10). For the low light 
video, the illumination of the environment was recorded when taking the video. 

In this study, the image block is treated as a basic processing unit, and the size of block has 
a certain effect on the computing speed, detection results, and recovered image effects. The 
different performances on the block size are shown in Fig. 5. Smaller blocks can maintain a 
better precision of detection results, whereas a larger block size can guarantee the accuracy, as 
shown in the second row of Fig. 5. Precision and accuracy are trade-off parameters, and 
simultaneously ensuring both at a high level is difficult. After testing and comparison, 12 12×  
is chosen as the block size. Such a block size deals with a frame in 1.5 seconds to 2.0 seconds 
on the MATLAB implementation of the proposed algorithm. The execution time is recorded 
by a machine with 2.2GHz Pentium E2200 processor and 2GB of RAM. 

 
Fig. 5. Different sizes of block comparison. Noise was added to the Pedestrians dataset [22] with a 
mixture of additive Gaussian white noise ( 50σ = ) and Poisson noise ( 50α = ). The detection results 
are presented with blue boxes. Fig. 5A-C: Detection results of 8 8× , 12 12× , and 20 20×  block size. 

 

4.2 Results on public testing dataset 
The proposed method is compared with the competing background subtraction algorithms: 
Mixture of Gaussian model [7], Non-parametric model [8], and ViBe [28]. The robustness of 
the proposed approach is then confirmed under different types of large noise. 
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Fig. 6. Detection results of different methods with different types of noise on Backdoor dataset [22]. 
Different levels of Gaussian white noise (σ =50 and 250), Poisson noise (α =50 and 250) and mixture 
of both ( 50, 50σ α= = and 250, 250σ α= = ) are added to the original image. Fig. 6A: Test images 
with different types of noise. Fig. 6B-E: Detection results of using mixture of Gaussian model [7], 
non-parametric model [8], ViBe [28] and the proposed method. 

 

Fig. 6 shows the comparison between competing background subtraction algorithms and 
the proposed method. Different levels of Gaussian white noise (σ =50 and 250), Poisson noise 
(α =50 and 250) and mixture of both ( 50, 50σ α= =  and 250, 250σ α= = ) are added to the 
original image. The results show that in none noise condition, non-parametric [8] and Vibe 
[28] have a better exact detection result. However, when adding a certain degree noise to the 
original image, the results of the compared methods are seriously affected by the noise. With 
the noise continuing to rise, the compared methods lose efficacy completely because the 
background model assumptions fail. By contrary, the proposed method performs robust and 
handles different noise well. The proposed method was tested on various datasets in [22] and 
the detection results were presented on one of the datasets. 
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Fig. 7. Detection results under different types of noise on Bus Station dataset [22]. Fig. 7A: Original 
images with ground truth. Fig. 7B-D: Images and results with Gaussian white noise ( 250σ = ), Poisson 
noise ( 250α = ), and the mixture of both ( 150, 250σ α= = ). 

 

In Fig. 7, different types of noise are added on original test images. Disregard to the noise 
type, the proposed approach can perform a stable and robust detection work. However, since 
the dictionary is learned from the background images, the recovered blocks are close to the 
background when the foreground has similar colors. This circumstance increases the difficulty 
in detection process. In the second row of Fig. 7, the color of the right-most pedestrian’s cloth 
is identical to the color of the dustbin which leads to a fail detection. By contrast, if the 
background and foreground colors have visible differences (the third row of Fig. 7), the 
proposed method can properly detect the person/object. 

To evaluate the quantitative performance of the proposed method, three quantitative metrics 
were adopted in this study [30]: 

tpRecall
tp fn

=
+

                                                   (11) 
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tpPrecision
tp fp

=
+

                                                   (12) 

2 *Recall PrecisionF measure
Recall Precision
∗

− =
+

                                      (13) 

 
where tp  is the number of pixels correctly classified as foreground. tp fn+  and tp fp+  are 
the number of pixels detected as foreground pixels by ground truth and the proposed method, 
respectively. 

One hundred frames with foreground from Backdoor and Bus station dataset [22] were 
selected to calculate the quantitative metrics. The results are shown in Table 1, 2 and 3. In 
Table 1, the compared methods have a higher value of Recall because of false detection 
affected by noise, whereas the Precision of the proposed method obtains a better performance 
in Table 2. F-measure is considered as a single measure, that is, the weighted harmonic mean 
of Recall and Precision in (13). Table 3 shows that the proposed method has a satisfactory 
quantitative performance regardless of the dataset or noise level. 

 

Table 1. Quantitative metric of Recall 
Dataset [22] Noise level  MOG [7] KDE [8] ViBe [28] Proposed 

Backdoor 

No noise 0.5601 0.8525 0.8677 0.8504 
20α =  0.6404 0.6502 0.7998 0.7739 
50α =  0.8060 0.5154 0.7329 0.7322 
80α =  0.6754 0.4731 0.7125 0.7208 

Bus station 

No noise 0.7504 0.8571 0.8362 0.8398 
20α =  0.3308 0.4314 0.7756 0.7200 
50α =  0.3631 0.4052 0.5628 0.6168 
80α =  0.4871 0.4015 0.4492 0.5801 

Table 2. Quantitative metric of Precision 
Dataset [22] Noise level  MOG [7] KDE [8] ViBe [28] Proposed 

Backdoor 

No noise 0.8837 0.7077 0.8969 0.8913 
20α =  0.2629 0.3189 0.1532 0.8876 
50α =  0.1122 0.1757 0.1180 0.8633 
80α =  0.1046 0.1276 0.0923 0.8460 

Bus station 

No noise 0.8934 0.7925 0.9262 0.8657 
20α =  0.1252 0.1060 0.0844 0.8525 
50α =  0.0396 0.0685 0.0457 0.8617 
80α =  0.0345 0.0495 0.0372 0.8339 

Table 3. Quantitative metric of F-measure 
Dataset [22] Noise level  MOG [7] KDE [8] ViBe [28] Proposed 

Backdoor 

No noise 0.6856 0.7734 0.8821 0.8704 
20α =  0.3728 0.4279 0.2571 0.8269 
50α =  0.1970 0.2621 0.2033 0.7924 
80α =  0.1811 0.2010 0.1634 0.7784 

Bus station 

No noise 0.8157 0.8235 0.8789 0.8526 
20α =  0.1816 0.1702 0.1522 0.7807 
50α =  0.0714 0.1172 0.0845 0.7190 
80α =  0.0644 0.0881 0.0687 0.6842 
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4.3 Results on our low light video 
The proposed method is employed on the low light video taken in this study. The image sensor 
is SONY IMX 104 CMOS. Similar to the Section 4.1, the methods of [7], [8] and [28] are 
compared with the proposed method and the detection results are shown under different low 
illumination environments. 
 

 
Fig. 8. Detection results of different methods under 0.1-0.5 lx environment. Fig. 8A: Test frames 
extracted from the low light video. Fig. 8B-E: Detection results of using mixture of Gaussian model [7], 
non-parametric model [8], ViBe [28] and the proposed method. 

 

In Fig. 8, the mixture of Gaussian [7], non-parametric model [8] and ViBe [28] are 
compared with the proposed method under realistic low light condition. The illumination of 
the environment in Fig. 8 is about 0.1-0.5 lx. There are obvious noise appearing in the 
captured images. The noise in Fig. 8 corresponds the mixture of Gaussian ( 50σ = ) and 
Poisson ( 50α = ) noise approximately. With the reducing of the illumination, the noise 
captured in the low light video increases exponentially. While the light of the scene decreases 
from right to left of the scene, the performances of the compared methods are degenerate. 
When the moving object is in the left of the scene (the third and four row of the Fig. 8), the 
methods of [7], [8] and [28] can detect the object. However, the compared methods perform 
poorly when it appears in the left of scene (the first and fifth row of the Fig. 8). Meanwhile, the 
proposed method behaves robust and well no matter where the foreground is. The method 
proposed in this study is robust regardless of the artificial large noise or realistic low light 
circumstances, as shown in Fig. 6. 

Fig. 9 shows the detection results of different methods under lower light. The illumination 
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of environment in Fig. 9 is about 0.01-0.05 lx. In order to facilitate observation, the intensity 
of the brightness is increased, which also increases the noise level. Similar to the Fig. 8, the 
methods of [7], [8] and [28] are also compared with the proposed approach. The proposed 
method still behaves more robust than the compared methods. 

 

 
Fig. 9. Detection results of different methods under 0.01-0.05 lx environment. Fig. 9A: Test frames 
extracted from the low light video. Fig. 9B-E: Detection results of using mixture of Gaussian model [7], 
non-parametric model [8], ViBe [28] and the proposed method. 

5. Conclusion 
Most background subtraction methods highlight the capability of handling dynamic scenes [10, 
15, 29] but ignore low light circumstances. Large noise caused by low light will greatly affect 
the traditional algorithms and lead to their poor performances, as shown in Fig. 6 and 8. This 
paper proposes a robust background subtraction algorithm based on dictionary learning and 
sparse coding to handle the large noise condition. The proposed method can achieve a 
satisfactory detection performance that is not influenced by the large statistical noise with 
different types and scales. The proposed method would poorly work when the variance of 
noise is larger than 500. In this case, distinguishing it from others is difficult for the human 
visual system. 

In the proposed method, the whole image is divided into a group of blocks within which the 
motion detection is independently dealt with. Thus, the result is calculated as an inaccurate 
mosaicking output when compared with the pixel-level background subtraction methods. This 
study will focus on the precise detection of the proposed method, which will be further refined 
in the future. This study will also be a promising topic of investigation in the future. 
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