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Abstract

Background subtraction is a commonly used class of techniques for segmenting out objects
of interest in a scene for applications such as surveillance. This paper surveys a repre-
sentative sample of the published techiques for background subtraction, and analyses them
with respect to three important attributes: foreground detection; background maintenance;
and postprocessing.
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1 Introduction

Background subtraction is a commonly used class of techniques for segmenting out objects
of interest in a scene for applications such as surveillance. It involves comparing an
observed image with an estimate of the image if it contained no objects of interest. The
areas of the image plane where there is a significant difference between the observed and
estimated images indicate the location of the objects of interest. The name “background
subtraction” comes from the simple technique of subtracting the observed image from the
estimated image and thresholding the result to generate the objects of interest.

This paper surveys several techniques which are representative of this class, and compares
three important attributes of them: how the object areas are distinguished from the
background; how the background is maintained over time; and, how the segmented object
areas are postprocessed to reject false positives, etc.

Several algorithms were implemented to evaluate their relative performance under a variety
of different operating conditions. From this, some conclusions are drawn about what
features are important in an algorithm of this class.

2 Heikkila and Olli

In [8], a pixel is marked as foreground if

|It −Bt| > τ (1)

where τ is a “predefined” threshold. The thresholding is followed by closing with a 3× 3
kernel and the discarding of small regions.



The background update is

Bt+1 = αIt + (1− α)Bt (2)

where α is kept small to prevent artifical “tails” forming behind moving objects.

Two background corrections are applied:

1. If a pixel is marked as foreground for more than m of the last M frames, then the
background is updated as Bt+1 = It. This correction is designed to compensate for
sudden illumination changes and the appearance of static new objects.

2. If a pixel changes state from foreground to background frequently, it is masked out
from inclusion in the foreground. This is designed to compensate for flucuating
illumination, such as swinging branches.

3 Adaptive Mixture of Gaussians

Each pixel is modeled separately [3, 9, 10] by a mixture of K Gaussians

P (It) =
K∑
i=1

ωi,tη(It;µi,t,Σi,t) (3)

where K = 4 in [9] and K = 3 . . . 5 in [10]. In [3, 10], it is assumed that Σi,t = σ2
i,tI.

The background is updated, before the foreground is detected, as follows:

1. If It matches component i, i.e., It is within λ standard deviations of µi,t (where λ is
2 in [3] and 2.5 in in [9, 10]), then the ith component is updated as follows:

ωi,t = ωi,t−1 (4)
µi,t = (1− ρ)µi,t−1 + ρIt (5)
σ2
i,t = (1− ρ)σ2

i,t−1 + ρ(It − µi,t)T(It − µi,t) (6)

where ρ = αPr(It|µi,t−1,Σi,t−1).

2. Components which It don’t match are updated by

ωi,t = (1− α)ωi,t−1 (7)
µi,t = µi,t−1 (8)
σ2
i,t = σ2

i,t−1 (9)
(10)

3. If It does not match any component, then the least likely component is replaced
with a new one which has µi,t = It, Σi,t large, and ωi,t low.

After the updates, the weights ωi,t are renormalised.



The foreground is detected as follows. All components in the mixture are sorted into the
order of decreasing ωi,t/‖Σi,t‖. So higher importance gets placed on components with the
most evidence and lowest variance, which are assumed to be the background. Let

B = argminb

(∑b
i=1 ωi,t∑K
i=1 ωi,t

> T

)
(11)

for some threshold T . Then components 1 . . . B are assumed to be background. So if It
does not match one of these components, the pixel is marked as foreground. Foreground
pixels are then segmented into regions using connected component labelling. Detected
regions are represented by their centroid [11].

4 Pfinder

Pfinder [13] uses a simple scheme, where background pixels are modeled by a single value,
updated by

Bt = (1− α)Bt−1 + αIt (12)

and foreground pixels are explicitly modeled by a mean and covariance, which are updated
recursively. It requires an empty scene at start-up.

5 W4

In [5, 6, 7], a pixel is marked as foreground if

|M− It| > D or |N− It| > D (13)

where the (per pixel) parameters M, N, and D represent the minimum, maximum, and
largest interframe absolute difference observable in the background scene. These parame-
ters are initially estimated from the first few seconds of video and are periodically updated
for those parts of the scene not containing foreground objects.

The resulting foreground “image” is eroded to eliminate 1-pixel thick noise, then connected
component labelled and small regions rejected. Finally, the remaining regions are dilated
and then eroded.

6 LOTS

In [1], three background models are simultaneously kept, a primary, a secondary, and an
old background. They are updated as follows:

1. The primary background is updated as

Bt+1 = αIt + (1− α)Bt (14)

if the pixel is not marked as foreground, and is updated as

Bt+1 = βIt + (1− β)Bt (15)

if the pixel is marked as foreground. In the above, α was selected from within the
range [0.0000610351 . . . 0.25], with the default value α = 0.0078125, and β = 0.25α.



2. The secondary background is updated as

Bt+1 = αIt + (1− α)Bt (16)

at pixels where the incoming image is not significantly different from the current
value of the secondary background, where α is as for the primary background. At
pixels where there is a significant difference, the secondary background is updated
by

Bt+1 = It (17)

3. The old background is a copy of the incoming image from 9000 to 18000 frames ago.

Foreground detection is based on adaptive thresholding with hystersis, with spatially vary-
ing thresholds. Several corrections are applied:

1. Small foreground regions are rejected.

2. The number of pixels above threshold in the current frame is compared to the number
in the previous frame. A significant change is interpreted as a rapid lighting change.
In response the global threshold is temporarily increased.

3. The pixel values in each foreground region are compared to those in the correspond-
ing parts of the primary and secondary backgrounds, after scaling to match the mean
intensity. These eliminate artifacts due to local lighting changes and stationary fore-
ground objects, respectively.

7 Halevy

In [4], the background is updated by

Bt+1 = αS(It) + (1− α)Bt (18)

at all pixels, where S(It) is a smoothed version of It. Foreground pixels are identified by
tracking the maxima of S(It −Bt), as opposed to thresholding. They use α = [0.3 . . . 0.5]
and rely on the streaking effect to help in determining correspondence between frames.

They also note that (1 − α)t < 0.1 gives an indication of the number of frames t needed
for the background to settle down after initialisation.

8 Cutler

In [2], colour images are used because it is claimed to give better segmentation than
monochrome, especially in low contrast areas, such as objects in dark shadows.

The background estimate is defined to be the temporal median of the last N frames, with
typical values of N ranging from 50 to 200.

Pixels are marked as foreground if∑
C∈R,G,B

|It(C)−Bt(C)| > Kσ (19)

where σ is an offline generated estimate of the noise standard deviation, and K is an
apriori selected constant (typically 10).

This method also uses template matching to help in selecting candidate matches.



9 Wallflower

In [12], two auto-regressive background models are used:

Bt = −
p∑

k=1

akBt−k (20)

Ît = −
p∑

k=1

akIt−k (21)

along with a background threshold

E(e2
t ) = E(B2

t ) +
p∑

k=1

akE(BtBt−k) (22)

τ = 4
√
E(e2

t ) (23)

Pixels are marked as background if

|It −Bt| < τ and |It − Ît| < τ (24)

The coefficients ak are updated each frame time from the sample covariances of the ob-
served background values. In the implementation, the last 50 values are used to estimate
30 parameters.

If more than 70% of the image is classified as foreground, the model is abandoned and
replaced with a “back-up” model.

10 Discussion

Many other algorithms, which have not been discussed here, assume that the background
does not vary and hence can be captured apriori. This limits their usefulness in most
practical applications. Very few of the papers describe their algorithms in sufficient detail
to be able to easily reimplement them.

A significant number of the described algorithms use a simple IIR filter applied to each
pixel independently to update the background, e.g., (2), and use thresholding to classify
pixels into foreground/background. This is followed by some postprocessing to correct
classification failures.

In [4], it was noted that the performance of the method in Section 7 was found to degrade
if more than one secondary background was used. It was postulated that this is because
it introduces a greater range of values that a pixel can take on without being marked
as foreground. However, the adaptive mixture of Gaussians approach operates effectively
with even more component models. From this it can be seen that using more models is
beneficial only if by adding them the range (e.g., variance) of the individual components
gets reduced such that the nett range of background values actually decreases.

The Wallflower algorithm requires the storage of over 130 images, many of which are
float valued. It requires significant statistical analysis per pixel per frame to adapt the
coefficients.
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