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ABSTRACT

This paper presents a new statistical approach combining

temporal and spatial information for robust background sub-

traction (BS) in videos. Temporal information couples finite

mixtures of generalized Gaussians (MoGG) and temporal co-

occurrence analysis of forground/background data. Spatial

information combines multi-scale correlation analysis and

histogram matching. Our approach fuses both information

to perform efficient BS in the presence of shadows, illumi-

nation changes and various complex background dynamics.

Comparison with recent state-of-the-art methods on standard

datasets has demonstrated the performance of our method in

terms of precision and computational efficiency.

Index Terms— Background subtraction, mixture models,

temporal co-occurrence, spatial information modeling.

1. INTRODUCTION

Background subtraction (BS) is a fundamental and crucial

task for several video processing applications such as smart

video surveillance, activity recognition, etc. Over the past

years, several BS techniques have been proposed [4]. To en-

sure good success of these methods, these assumption are

generally made: acquisition by stationary cameras, constant

illumination and static background. Several challenges cause

violation of these assumptions, such as illuminations changes,

shadows, dynamic backgrounds and camera jitter.

Statistical models are among the most successful ap-

proaches in addressing some of the above challenges for

BS [4]. To cope with dynamic backgrounds, for example,

non-parametric and parametric statistical methods have been

proposed. Some non-parametric methods use kernel density

estimation (KDE) of video data for background modeling

[7]. They guarantee a smoothed and continuous version of

object/background distributions. Other methods use eigen-

value decomposition for background representation to encode

implicitly spatial correlation between pixels [15]. However,

these methods are computationally intensive and require

memory storage of video data. Besides, they do not handle

well the presence of shadows and illumination changes. Re-

cently, the authors in [9] proposed the PBAS method which

uses pixel history and dynamic thresholds, based on pixel

neighborhood, for BS. This method is computationally ef-

ficient and handles efficiently some dynamic backgrounds

(e.g., swaying trees, etc.). Parametric methods use statisti-

cal distributions to model object/background data. The most

popular ones are finite Gaussian mixture models (GMMs)

[10, 18]. GMMs are able to cope with gradual illumina-

tion changes and background dynamics with small repetitive

motions [14, 22]. However, major limitations exist for this ap-

proach, such as automatic setting of the learning parameters,

the ability to cope with complex background dynamics and

dissociating shadows from objects. Recently, some improve-

ments have been proposed to mitigate some of these limi-

tations. For instance, some approaches have been proposed

for automatic updating of GMMs parameters [22, 10, 14].

However, their performance drastically decreases with com-

plex background dynamics, thick shadows and camera jitter.

When observing the performance of the above methods, one

of many promising avenues for improving mixture methods

is to combine temporal and spatial information.

We propose a new method combining finite mixture mod-

els and spatial information that extends traditional parametric

methods based on GMMs to perform better BS. In a nut-

shell, our method: 1) deals efficiently with several challenges

such as cast shadows, illumination changes and non-static

backgrounds, 2) uses a new scheme for temporal informa-

tion modeling by coupling MoGGs and objects/background

co-occurrence in time. This modeling allows for accurate

description of various background dynamics (e.g., fast fore-

ground/background switching, fountains, etc.), 3) models

spatial information using local spatial structure and histogram

analysis. Spatial information makes our BS approach less

sensitive to shadows and illumination changes, and 4) uses

several procedures to optimize the computation time of our

algorithm, as well as a new method for adapting the learning

rate for the MoGG parameters according to video data.

This paper is organized as follows: Section 2 describes

our approach for temporal and spatial information modeling.

Experimental results are presented in Section 3. We end the

paper with a conclusion and future work perspectives.
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2. SPATIAL/TEMPORAL INFORMATION

MODELING

Temporal and spatial modules interact with each other for effi-

cient BS. Temporal information combines MoGGs modeling

and co-occurrence analysis for accurate representation of var-

ious complex background dynamics and camera jitter. Spa-

tial information is formulated using correlation analysis and

histogram matching which mitigate effects of cast shadows,

highlights and illumination changes. This information is also

used to derive an adaptive learning rate of the MoGGs param-

eters.

2.1. Basic temporal information modeling using MoGGs

Local temporal color changes are modeled using MoGGs [1,

2]. The MoGG model has flexibility to fit different shapes

of histograms and ensure robustness to noise and/or outliers

which cause heavy-tailed distributions. The one dimensional

generalized Gaussian density (GGD) is defined in R as:

p(X |θ) = K(λ, σ) exp
(

− A(λ) |(X − µ)/σ|λ
)

, (1)

where θ = {µ, σ, λ} is the set of GGD parameters,K(λ, σ) =

λ
√

Γ(3/λ)/Γ(1/λ)/(2σΓ(1/λ)) and A(λ) =
[Γ(3/λ)
Γ(1/λ)

]λ/2
;

Γ(.) being the gamma function. µ and σ are the GGD location

and dispersion parameters. λ controls the kurtosis of the pdf

and determines whether its shape is peaked or flat.

We consider the pixel history at time t as { ~X0, ..., ~Xt}.

Each vector ~Xt is D-dimensional ~Xt = (X1,t, ..., XD,t) ∈
R

D (D = 3 for RGB color). Suppose that the history of

the pixel at time t is modeled as a mixture of K components,

where the dimensions of ~Xt are independent in each class, the

probability of observing the vector ~Xt is given as [1]:

p( ~Xt) =

K
∑

i=1

ωi,t ∗Π
D
d=1p(Xd,t|~θi,d,t), (2)

where ~θi,d,t = (µi,d,t, σi,d,t, λi,d,t) are parameters describing

the dimension d of the ith component of the mixture, ωi,t are

the weights of components such that
∑K

i=1 ωi,t = 1 and K
represents the maximum number of mixture components. We

assume that at frame It+1, a pixel (x, y) has value ~Xt+1 and

a match is found with one of the components of the mixture

(let’s say with component ī) if we have:

p(~θī,t| ~Xt+1) > τ, with ī = argmax
i
{p(θi,t| ~Xt+1)}, (3)

where τ is a given threshold and p(θi,t| ~Xt+1) is the posterior

probability of the ith component. If a match is found, only

the parameters of component ī are updated. Otherwise, a new

component is created. Note that an online updating method

has been proposed in [1] using the EM algorithm. However,

the procedure uses Fisher scoring which incurs a huge com-

putation time to calculate the likelihood derivatives. In turn,

we propose a faster procedure based on statistical moments.
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Fig. 1. Dynamic background. (a) Frame 651 (fountain01

[21]). (b) Red channel history of the spotted pixel (frames:

651 to 750). (c) CCM at 651. (d) CCM at 750. (e) MoGG

weight (ωi). (f) CCM weight (ηi). (g) Combined wight (πi).

2.2. Information co-occurrence and persistence modeling

The components co-occurrence is used to avoid the back-

ground switching problem. Let A be a K × K matrix with

each element aij giving the number of times the pixel p is la-

belled with components ci and cj at time t and t+ 1, respec-

tively. We call A ”component co-occurrence matrix” (CCM)

(see Fig. 1). The persistence is a complementary concept to

the co-occurrence. For each component c, if c is matched in

two successive frames, the persistence of c is increased by 1,

otherwise it is reset to 0. Consequently, a K-element vec-

tor υ is generated at each position p. In fact, stable compo-

nents tend to have high persistence values. To construct the

new component weights πi, the component switching weight

ηi is estimated, then it is divided by υi and combined with

the MoGG weights ωi (see Alg. 1). This model assigns high

weights to components that occur successively in time or have

high switching rate with other components and thus reduce

false positives caused by background dynamics.

Algorithm 1: Compute the temporal weights πi.

Data: MoGG models, CCM matrices, K .

Result: New components temporal weights πi.

for each pixel p do

let A be the CCM at the pixel p;

let cold, cnew be the old and new activated

components resp. at pixel p;

A(cold, cnew)← A(cold, cnew) + 1;

B← (A+A
T )/2; diag(B)← 0;

ηi ← B(cmax, :) where cmax ← argmaxi(ωi);
ηi ← ηi/υi; normalize: ηi ← ηi/(

∑

j ηj);

πi ← (ωi + ηi)/2; normalize: πi ← πi/(
∑

j πj);

end
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2.3. Spatial information modeling

2.3.1. Correlation analysis

The spatial conformity with background is done by multi-

scale correlation analysis between patches. The reference val-

ues are computed using the mean of the highest co-occurrence

weight component. The reference image I is given as:

I = µt+1

(

argmax
i

(πi,t+1)
)

. (4)

We compare the local structure between the reference image

I and the current frame It+1 using the correlation. The spatial

foreground/background probabilities are derived using multi-

ple window size strategy. Assume that S correlation maps

are computed: NCC1,..., NCCS for size N2
1 ,...,N2

S , respec-

tively. The maximum correlation among scales is retained:

NCCf = max
j=1..S

{ D
∏

d=1

NCCj,d

}

. (5)

where NCCj,d is the correlation computed using window

size j and color channel d. Finally, the spatial foreground and

background probabilities are estimated using the lenient func-

tions: ps,f ( ~Xt+1) ≃ exp(−ξ ∗ NCCf ) and ps,b( ~Xt+1) ≃

1−ps,f( ~Xt+1), where ξ is a constant controlling the sensitiv-

ity of the probability to the spatial correlation. Note that the

integral image method is used to reduce the processing cost.

2.3.2. Histogram matching

Spatial information is also carried by the local color distri-

bution represented by histograms. This is useful when the

local structure of the background may slightly change but not

the color distribution. The Bhattacharyya distance is used to

compare the patch histograms from the reference image I and

the current frame It+1 in S scales W1 <,...,< WS and D
color channels. The histogram map is given by Eq. (6) where

HISTs,d is computed at scale s for color channel d.

HISTf =

S
∏

s=1

(

max
d=1..D

HISTs,d

)

. (6)

The final spatial map is obtained using the formula:

SMAPf = exp(−ξ ∗ NCCf ) ∗ HISTf . Note that the

number of histogram bins is limited to NBINS and that the

integral histograms are used to accelerate the processing.

2.4. Adaptive learning rate for MoGG modeling

To obtain adaptively the learning factor φ, a bi-level thresh-

olding is performed on the final spatial map SMAPf using

two thresholds T1 and T2. Consequently, three levels of learn-

ing factor are obtained: φlow, φavg and φhigh. These levels

correspond to high plausibility of foreground, unknown and

Dataset MoGG NCC analysis Histogram matching

CDnet,

SABS.

K = 7, T = 0.80,

σ0 = 20.0, λ0 = 1.0,

φlow = 10−5, φavg = 10−3,

φhigh = 0.05.

S = 3, ξ = 0.82,

N1 = 11, N2 = 35,

N3 = 65 .

W1 = 13, W2 = 33,

W3 = 53, NBINS = 16,

T1 = 0.23, T2 = 0.53.

Table 1. Parameter settings.

high plausibility of background, respectively. The φlow level

is assigned to stopped objects or objects with slow motion.

However, the background regions have the φhigh value which

enables a quick integration in the background. Finally, the

φavg value is assigned to the rest of pixels. The learning pa-

rameter ρ is computed after that by the rule ρ = φ/ω.

2.5. The overall background subtraction algorithm

Let the probabilities of foreground (f ) and background (b)
until t be given as: pt,f( ~Xt) and pt,b( ~Xt). At frame It+1,

we may have one of the following scenarios: 1) If ~Xt+1 is

matched with one of the components, the matched component

parameters are updated. The CCM and persistence values are

updated as in Section 2.2. Finally, the matched component’s

label (b or f ) is assigned to the pixel. 2) If no match is found, a

new component is created for the mixture model with param-

eters ω, µ, σ, and λ set to α, ~Xt+1, σ0, and λ0 respectively.

The CCM and persistence values that correspond to this com-

ponent are reset to 0. The current pixel will be assigned

label f if:
(

pt,f ( ~Xt+1) ≥ pt,b( ~Xt+1)
)

and
(

ps,f( ~Xt+1) ≥

ps,b( ~Xt+1)
)

, otherwise, it is assigned label b. Next, the

mixture components are sorted in descending order of co-

occurrence weights πi,t+1 and the new background temporal

model pt+1,b(.) is formed using the first B largest mixture

components, where we have:

B = argmin
b

(

b
∑

i=1

πi,t+1 > T

)

. (7)

The threshold T is the minimum portion of data considered

to belong to the dynamic background (typically T = 0.8). Fi-

nally, the reference image in Eq. (4) is made by taking the

mean parameter of the first component among the B compo-

nents resulting in Eq. (7) as the pixel value.

3. EXPERIMENTAL RESULTS

Tests were implemented using Matlab with some optimiza-

tion using MEX C++ subroutines. On a PC with Intel Core i7

2.93 GHz CPU and 16 Go of RAM, the proposed prototype

runs at 5 fps for sequences of RGB color frames with size of

320 × 240 pixels. Table 1 resumes the optimal parameters

selected for the proposed algorithm.

The Change Detection (CD) dataset [21] is used. Table 2

shows that for the ’shadow’ and ’cameraJitter’ categories, the

proposed method surpasses most of the compared methods
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Cat. Method Re Sp FPR FNR PWC Pr F
sh

ad
o
w

Proposed 0.940 0.991 0.008 0.059 0.994 0.865 0.899

FTSG [20] 0.921 0.991 0.008 0.078 1.130 0.853 0.883

SuBSENSE [6] 0.952 0.991 0.009 0.047 1.066 0.837 0.889

CwisarDH [8] 0.878 0.991 0.009 0.121 1.277 0.847 0.858

Spectral360 [17] 0.889 0.989 0.010 0.110 1.568 0.818 0.851

BinWang [19] 0.829 0.991 0.008 0.170 1.753 0.809 0.812

Stauffer [18] 0.796 0.987 0.012 0.204 2.195 0.715 0.737

Zivkovic [22] 0.777 0.987 0.012 0.222 2.190 0.723 0.732

KDE [7] 0.854 0.988 0.011 0.145 1.684 0.766 0.803

d
y

n
am

ic
B

ac
k

g
ro

u
n

d

Proposed 0.871 0.998 0.001 0.128 0.249 0.831 0.842

FTSG 0.869 0.999 0.001 0.130 0.188 0.912 0.879

SuBSENSE 0.787 0.999 0.001 0.212 0.383 0.876 0.813

CwisarDH 0.814 0.998 0.001 0.185 0.327 0.849 0.827

Spectral360 0.781 0.999 0.001 0.218 0.351 0.845 0.776

BinWang 0.917 0.995 0.004 0.082 0.483 0.799 0.843

Stauffer 0.834 0.989 0.010 0.165 1.208 0.598 0.633

Zivkovic 0.801 0.990 0.009 0.198 1.172 0.621 0.632

KDE 0.801 0.985 0.014 0.198 1.639 0.573 0.596

ca
m

er
aJ

it
te

r

Proposed 0.822 0.991 0.008 0.177 1.633 0.821 0.818

FTSG 0.771 0.986 0.013 0.228 2.078 0.764 0.751

SuBSENSE 0.749 0.990 0.009 0.250 1.828 0.811 0.769

CwisarDH 0.743 0.993 0.006 0.256 1.705 0.851 0.788

Spectral360 0.669 0.990 0.009 0.330 2.085 0.838 0.714

BinWang 0.650 0.993 0.006 0.349 1.912 0.849 0.710

Stauffer 0.733 0.966 0.033 0.266 4.226 0.512 0.596

Zivkovic 0.690 0.966 0.033 0.310 4.405 0.487 0.567

KDE 0.737 0.956 0.043 0.262 5.134 0.486 0.572

Table 2. Evaluation metrics obtained for the CD dataset [21].

Category/Metric Re Sp FPR FNR PWC Pr F

badWeather 0.6588 0.9990 0.0010 0.3412 0.5946 0.8976 0.7502

baseline 0.9312 0.9944 0.0056 0.0688 0.7213 0.8830 0.9029

cameraJitter 0.8227 0.9911 0.0089 0.1773 1.6330 0.8213 0.8180

dyn. Back. 0.8716 0.9988 0.0012 0.1284 0.2499 0.8319 0.8427

int.Obj.Mot. 0.4532 0.9110 0.0890 0.5468 11.6994 0.5898 0.3858

lowFramerate 0.5897 0.9946 0.0054 0.4103 1.8580 0.5847 0.5483

nightVideos 0.4926 0.9827 0.0173 0.5074 2.7808 0.3944 0.4138

PTZ 0.6848 0.6769 0.3231 0.3152 32.3257 0.0212 0.0407

shadow 0.9409 0.9919 0.0081 0.0591 0.9948 0.8659 0.8997

thermal 0.7205 0.9939 0.0061 0.2795 1.5601 0.8833 0.7520

turbulence 0.7738 0.9978 0.0022 0.2262 0.3762 0.7058 0.6823

Overall 0.7069 0.9571 0.0429 0.2931 5.0348 0.6771 0.6283

Table 3. Overall results obtained by the application of the

proposed method for the CD dataset [21].

in terms of recall, PWC and F-measure. However, for the

’dynamicBackground’ category, the proposed method can be

ranked second after the FTSG method. Table 3 summarizes

results obtained by application of the proposed algorithm on

all the the CD dataset categories as well as the overall results.

The SABS dataset [5] contains 9 synthetic videos: basic

(BA), dynamic background (DB), bootstrapping (BO), dark-

ening (DA), light switch (LS), noisy night (NN), camouflage

(CA), no Camouflage (NC) and Video compression (VC). The

proposed method is compared to the eight methods cited in

the SABS website 1 as well as the SuBSENSE method [6].

Table 4 shows that the proposed model gives competitive re-

sults for practically all scenarios. More precisely the pro-

posed method outperforms the compared ones for 5 sequences

out of 9 which are: BA, DB, BO, CA and VC. However, the

proposed method presents the second best F-measure for the

4 remaining sequences. Nonetheless, the average F-measure

computed for all sequences is higher than the other methods.

Fig. 2 shows that the proposed method can mitigate lot of

1http://www.vis.uni-stuttgart.de/˜hoeferbn/bse/

Method BA DB BO DA LS NN CA NC VC AVG

Proposed 0.860 0.821 0.815 0.769 0.306 0.353 0.844 0.848 0.846 0.718

SuBSENSE [6] 0.813 0.735 0.772 0.784 0.286 0.426 0.843 0.853 0.792 0.700

ViBe [3] 0.761 0.711 0.685 0.678 0.268 0.271 0.741 0.799 0.774 0.632

SOBS [13] 0.766 0.715 0.495 0.663 0.213 0.263 0.793 0.811 0.772 0.610

Zivkovic [22] 0.768 0.704 0.632 0.620 0.300 0.321 0.820 0.829 0.748 0.638

Kim [11] 0.582 0.341 0.318 0.342 - - 0.776 0.801 0.551 0.530

Li [12] 0.766 0.641 0.678 0.704 0.316 0.047 0.768 0.803 0.773 0.611

Oliver [16] 0.635 0.552 - 0.300 0.198 0.213 0.802 0.824 0.669 0.524

Stauffer [18] 0.800 0.704 0.642 0.404 0.217 0.194 0.802 0.826 0.761 0.594

Table 4. F-measure metrics obtained by application of the

compared methods for the SABS dataset [5] sequences.

false positives created by car lights and tree leaves.

Basic Camouflage Darkening MPEG

Fig. 2. Sample BS masks from the SABS dataset [5]. Rows

from top to down show: Original frame, GT, Proposed, SuB-

SENSE [6], SOBS [13], Zivkovic [22], Stauffer [18].

4. CONCLUSION

A statistical approach for video BS is developed by combin-

ing temporal and spatial information. The two types of in-

formation are fused to perform efficient BS in the presence

of cast shadows and dynamic backgrounds. Our algorithm

achieves accurate detections compared to well-known meth-

ods. Future work will address analysis of hard shadows, illu-

mination changes and other background subtraction challeng-

ing problems, the integrability of the co-occurrence model

with other methods as well as speeding-up the algorithm.
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