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Abstract
Locating moving objects in a video sequence is the

first step of many computer vision applications. Among
the various motion-detection techniques, background
subtraction methods are commonly implemented, espe-
cially for applications relying on a fixed camera. Since
the basic inter-frame difference with global threshold is
often a too simplistic method, more elaborate (and of-
ten probabilistic) methods have been proposed. These
methods often aim at making the detection process more
robust to noise, background motion and camera jitter.
In this paper, we present commonly-implemented back-
ground subtraction algorithms and we evaluate them
quantitatively. In order to gauge performances of each
method, tests are performed on a wide range of real,
synthetic and semi-synthetic video sequences represent-
ing different challenges.

1. Introduction
For various computer vision applications, back-

ground subtraction (BS) is a ”quick and dirty” way of
localizing moving objects. Based on the assumption
that a moving object is made of colors which differ
from those in the background, typical BS methods la-
bel ”in motion” every pixel at time t whose color is
significantly different from the ones in the background
[10]. Unfortunately, a simple interframe difference
with global threshold reveals itself as being sensitive to
phenomena that violate the basic assumptions of BS,
i.e. a rigorously fixed camera with a static noise-free
background [4]. In real-life scenarios, the illumination
can change (gradually or suddenly), the background
may contain moving objects (waves on the water, trees
shaken by the wind), the camera can jitter and so forth.
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In order to deal with those challenges, numerous back-
ground models and distance measures have been pro-
posed. Those methods are (at least in theory) more ro-
bust to background instability than the basic ones. But
are they really? And if they are, how much better are
they? In this paper, we review commonly-implemented
BS methods which we compare on various real, syn-
thetic and semi-synthetic sequences. In section 2, five
commonly-implemented motion detection methods are
described. The video dataset used to compare those
methods is described in section 3 while results and con-
clusion are presented in sections 4 and 5.
2. Background Subtraction Algorithms

Although different, most BS techniques share a com-
mon framework: they make the hypothesis that the ob-
served video sequence I is made of a fixed background
B in front of which moving objects are observed. With
the assumption that a moving object at time t has a color
(or a color distribution) different from the one observed
in B, the principle of BS methods can be summarized
by the following formula:

Xt(s) =

{
1 if d(Is,t, Bs) > τ
0 otherwise,

(1)

where Xt is the motion label field at time t (also called
motion mask), d is a distance between Is,t the video
frame at time t at pixel s and Bs the background at pixel
s; τ is a threshold. The main difference between most
BS methods is how B is modeled and which distance
metric d is being used. In the following subsections,
various BS techniques are presented.
Basic Motion Detection (Basic)

The easiest way to model the background is with a
grayscale/color image B. This image can be a picture
taken in absence of moving objects and/or estimated via
a temporal median filter [10]. In order to keep the back-
ground up to date, it can be iteratively updated as fol-
lows:



Bs,t+1 = (1 − α)Bs,t + α.Is,t (2)

where α is an updating constant whose value ranges be-
tween 0 and 1. Foreground pixels can be detected by
thresholding various distance metrics such as:

d0 = |Is,t − Bs,t| (3)

d1 = |IR
s,t − BR

s,t| + |IG
s,t − BG

s,t| + |IB
s,t − BB

s,t| (4)
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s,t)
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2
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d∞ = max{|IR
s,t − BR

s,t|, |IG
s,t − BG

s,t|, |IB
s,t − BB

s,t|} (6)

where exponents R, G and B stand for the red, green
and blue channels. Note that distance d0 operates on
grayscale images.

One Gaussian (1-G)

Many authors model each background pixel with a
probability density function (PDF) learned over a set
of training frames. In this case, the BS problem often
becomes a PDF-thresholding problem. For instance, to
account for noise, some authors [9] model every back-
ground pixel with a Gaussian distribution η(µs,t,Σs,t)
where µs,t and Σs,t stand for the average background
color and covariance matrix over pixel s at time t. In
this context, the distance metric can be the log likeli-
hood:

dG =
1

2
log((2π)3|Σs,t|)

+
1

2
(Is,t − µs,t)Σ

−1
s,t (Is,t − µs,t)

T
(7)

or the Mahalanobis distance:

dM = |Is,t − µs,t|Σ−1
s,t |Is,t − µs,t|T (8)

where Is,t and µs,t are RGB vectors and Σs,t is a co-
variance matrix. To account for illumination variations,
the mean and covariance of each pixel can be iteratively
updated as follows:

µs,t+1 = (1 − α).µs,t + α.Is,t (9)

Σs,t+1 = (1 − α).Σs,t

+ α.(Is,t − µs,t)(Is,t − µs,t)
T (10)

Note that the covariance matrix can be a 3 × 3 matrix
or can be assumed to be diagonal to reduce processing
costs.
Gaussian Mixture Model (GMM)

To account for backgrounds containing animated tex-
tures (such as waves on the water or trees shaken by
the wind), multimodal PDFs have been proposed. For
instance, Stauffer and Grimson [8] model every pixel
with a mixture of K Gaussians. Thus, the probability
of occurrence of a color at a given pixel s is represented
as:

P (Is,t) =

K∑
i=1

ωi,s,t.η(Is,t, µi,s,t,Σi,s,t) (11)

where η(Is,t,µi,s,t,Σi,s,t) is the ith Gaussian model
and ωi,s,t its weight. Note that for computational rea-
sons, as suggested by Stauffer and Grimson, we assume
that the covariance matrix Σi,s,t is diagonal. In their
method, parameters of a matched component (i.e. the
Gaussian model for which Is,t is within 2.5 standard
deviations of its mean) are updated as follows:

ωi,s,t = (1 − α)ωi,s,t−1 + α (12)

µi,s,t = (1 − ρ).µi,s,t−1 + ρ.Ii,s,t (13)

σ2
i,s,t = (1 − ρ).σ2

i,s,t−1 + ρ.(Ii,s,t − µi,s,t)
2 (14)

where α is a user-defined learning rate and ρ is a sec-
ond learning rate defined as ρ = αη(Is,t, µi,s,t,Σi,s,t).
The µ and σ parameters of unmatched distributions re-
main the same while their weight is reduced as follows:
ωi,s,t = (1 − α)ωi,s,t−1 to achieve decay. Whenever
no component matches Is,t, the one with lowest weight
is replaced by a Gaussian with mean Is,t, a large ini-
tial variance σ0 and a small weight ω0. Once every
Gaussian has been updated, the K weights ωi,s,t are
normalized so they sum up to 1. Then, the K distri-
butions are ordered based on a fitness value ωi,s,t/σi,s,t

and only the H most reliable are chosen as part of the
background :

H = argmin
h

(

h∑
i=1

ωi > τ) (15)

where τ is a threshold. Then, those pixels which are
at more than 2.5 standard deviations away from any of
those H distributions are labeled ”in motion”.
Kernel Density Estimation (KDE)

An unstructured approach can also be used to model a
multimodal PDF. In this perspective, Elgammal et al.
[5] proposed a Parzen-window estimate of every back-
ground pixel:

P (Is,t) =
1

N

t−1∑
i=t−N

K(Is,t − Is,i) (16)

where K is a kernel (typically a Gaussian one) and N
is the number of previous frames used to estimate P (.).
When dealing with color video frames, products of one-
dimensional kernels can be used:

P (Is,t) =
1

N

t−1∑
i=t−N

∏
j={R,G,B}

K

(
(Ij

s,t − Ij
s,i)

σj

)
(17)

A pixel is labeled as foreground if it is unlikely to come
from this distribution, i.e. when P (It) is smaller than a
predefined threshold. Note that σj can be fixed or pre-
estimated following Elgammal et al.’s method [5].

Minimum, Maximum and Maximum Inter-Frame
Difference (MinMax)

The W 4 videosurveillance system [6] uses a back-
ground model made of a minimum ms, a maximum Ms,
and a maximum of consecutive frames difference Ds.
For MinMax, a pixel s belongs to the background if:



|Ms − Is,t| < τdµ or |ms − Is,t| < τdµ (18)

where τ is an user-defined threshold and dµ is the mean
of the largest interframe difference over pixels. Note
that MinMax operates on grayscale videos only.

3. Video Dataset

In order to gauge performances, the five BS methods
have been executed on a wide range of real, synthetic
and semi-synthetic video sequences (some examples are
given in figure 1). Our dataset is composed of 29 video
sequences (15 real, 10 semi-synthetic and 4 synthetic).
While some synthetic and semi-synthetic videos have
been created by the authors, others were downloaded
from the PETS2001 dataset [1], the IBM dataset [3] and
the VSSN 2006 competition [2]. The semi-synthetic
videos are made of synthetic foreground objects (peo-
ple and cars) moving over a real background. Those
videos represent both indoor (20 videos) and outdoor
scenes (9 videos). Moreover, 6 videos contain animated
background textures. Ground truths are easily obtained
for synthetic and semi-synthetic video sequences. For
real videos, the ground truth is only available on some
reference images (manually annotated or provided with
the dataset).

Figure 1. Snapshots from the dataset

4. Experimental Results
Since our dataset is made of videos representing dif-

ferent challenges, we divided those sequences into three
categories: (1) the noise-free with perfectly fixed back-
ground sequences, (2) the multimodal sequences and
(3) the noisy sequences. Each of these dataset is com-
posed of real, synthetic and semi-synthetic video se-
quences. Those categories are used to evaluate and
compare the different background models in section
4.2. In order to quantitatively evaluate each method,
precision and recall average values are used [7]. Note
that we use the RGB color space and a despeckle filter
is applied on every motion mask in order to eliminate
groups of 4-connected foreground pixels made of less
than 8 pixels.

4.1. Influence of the Distance Measure
As mentioned in section 2, different distance mea-

sures can be implemented in BS methods. To quantify
those distance measures, the Basic method has been ex-
ecuted on 15 videos taken from categories (1) and (3).

Figure 2. ROC Curves obtained for the six
different distance measures

As can be seen in figure 2, the four distance mea-
sures d2, d∞, dM and dG globally produced the same
results, while d0 and d1 seem slightly less precise. Ta-
ble 1 shows results obtained with a fixed precision of
0.75. A fixed precision means that every method has
been tuned to produce the same amount of true pos-
itives, while the number of false positives is used to
differentiate the methods. Again though, the uniform
recall values underscore the fact that none of the 4 re-
maining distance measures outperforms the other ones.

d0 d1 d2 d∞ dM dG

Recall 0.88 0.90 0.92 0.92 0.92 0.92

Table 1. Recall values with fixed precision
(0.75) for the six distance measures

4.2. Evaluation of Background Models

Every background models are compared on videos
taken from the three categories previously introduced.
Note that distance d2 is used for algorithm Basic, dM

for 1-G, K = 3 for GMM, N = 100 and σj is pre-
estimated following Elgammal et al.’s method [5] for
KDE, the learning rate α is fixed to 10−3 for Basic, 1-G
and GMM. Others parameters have been tuned to fix the
precision value to 0.75 or 0.5.

Test 1: Evaluation on Noise-Free with Perfectly
Static Background Videos
The BS algorithms presented in section 2 were executed
on noise-free video sequences exhibiting a rigorously
static background. A total of 15 videos (both indoor
and outdoor) have been retained. Results with precision



fixed to 0.75 are presented in table 2. Interestingly, the
results are globally homogeneous. Algorithms Basic,
1-G and GMM are, to all practical purposes, equivalent
while algorithms KDE and MinMax show less effective-
ness. The Basic algorithm is thus well suited for se-
quences which do not contain specific difficulties. This
is a rather interesting observation since the Basic ap-
proach is, by far, the fastest and simplest method of all.

Test 2: Evaluation on Multimodal Videos
The second test aims at evaluating the robustness of ev-
ery BS methods to animated background textures. Here,
6 video sequences exhibiting strong background motion
have been used. Results with precision fixed to 0.5 are
presented in table 2.

As one would expect, the Basic and MinMax meth-
ods are strongly penalized by this test. On the other
hand, results obtained with the 1-G method are surpris-
ingly good. This can be explained by the fact that the
1-G threshold is locally weighted by a covariance ma-
trix which compensates well some background instabil-
ities. Thanks to their multimodal shape, the KDE and
GMM methods produced the most accurate results. Fig-
ure 3 presents examples of detection on a semi-synthetic
video with a strongly animated background.

Original image Basic 1-G

MinMax GMM KDE

Figure 3. Results for different BS algo-
rithms on a semi-synthetic multimodal
video

Test 3: Evaluation on Noisy Videos
The third test aims at evaluating the influence of noise.
Here, 15 videos corrupted with strong additive Gaus-
sian noise are used for testing. Results with preci-
sion fixed to 0.75 are presented in table 2. As can be
seen, methods 1-G, KDE and GMM produced good, yet
homogeneous recall values while the MinMax method
does not seem to be well suited for noisy videos. This
may be explained by the fact that the MinMax threshold
(which is global) depends on the maximum interframe
difference (which is large for noisy videos). Moreover,
the MinMax method works on grayscale sequences and
thus ignores color information. For the Basic method,
its global threshold significantly penalizes the perfor-
mances.

Basic 1-G KDE MinMax GMM
test 1 0.92 0.92 0.88 0.88 0.93
test 2 0.55 0.76 0.84 0.48 0.79
test 3 0.62 0.77 0.75 0.28 0.76

Table 2. Recall values for different video
sequences. Precision is fixed to 0.75 for
test 1 and test 3 and to 0.5 for test 2.

5. Conclusion
In this paper, we reviewed and evaluated commonly-

implemented BS algorithms. Evaluation, performed
on a large video dataset made of various real, syn-
thetic and semi-synthetic video sequences, allows us to
draw two conclusions. First, no method outperforms
the other ones on every video category. Consequently,
the choice of a BS method shall be motivated more by
the content of the scene than the model itself. For in-
stance, when dealing with videos respecting the fun-
damental BS assumption (a fixed camera with a static
noise-free background), a basic BS implementation is
well suited and no better results can be expected by
other, yet more complicated, methods. Secondly, the
1-G, GMM and KDE methods are the most reliable over
noisy sequences. Thirdly, for videos containing signifi-
cant background motion, methods with a global thresh-
old (namely the Basic and MinMax methods) are sig-
nificantly penalized while GMM and KDE show good
robustness.

Our future work will focus on the robustness of these
BS methods to bursty background motion and to cor-
rupted training sequences. We will also compare the
amount of memory and processing power those meth-
ods require.

References
[1] www.cvg.cs.rdg.ac.uk/PETS2001.
[2] http://imagelab.ing.unimore.it/vssn06.
[3] L. Brown, A. Senior, Y. Tian, J. Vonnel, A. Hampapur, C. Shu,

H. Merkl, and M. Lu. Performance evaluation of surveillance
systems under varying conditions. in IEEE Proc. PETS Work-
shop, 2005.

[4] S. Cheung and C. Kamath. Robust techniques for background
subtraction in urban traffic video. in Proc. of the VCIP, 2004.

[5] A. Elgammal, D. Harwood, and L. Davis. Non-parametric model
for background subtraction. in ECCV, 2000.

[6] I. Haritaoglu, D. Harwood, and L. Davis. W4-real time detection
and tracking of people and their parts. in IEEE Trans. PAMI,
2000.

[7] A. Prati, I. Mikic, M. Trivedi, and R. Cucchiara. Detecting mov-
ing shadows: Algorithms and evaluation. in IEEE Trans. PAMI,
2003.

[8] C. Stauffer and W. Grimson. Adaptive background mixture mod-
els for real-time tracking. in IEEE Proc. CVPR, 1999.

[9] C. Wren, A. Azarbayejani, T. Darrell, and A. Pentland. Pfinder:
Real-time tracking of the human body. in IEEE Trans. PAMI,
1997.

[10] Q. Zhou and J. Aggarwal. Tracking and classifying moving
objects from video. in IEEE Proc. PETS Workshop, 2001.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /ENU (Use these settings to create PDF documents with higher image resolution for high quality pre-press printing. The PDF documents can be opened with Acrobat and Reader 5.0 and later. These settings require font embedding.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


