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Abstract

Adaptive Gaussian mixtures are widely used to
model the dynamic background for real-time object de-
tection. Recently the convergence speed of this ap-
proach is improved and a relatively robust statistical
framework is proposed by Lee (PAMI, 2005). How-
ever, object quality still remains unacceptable due to
poor Gaussian mixture quality, susceptibility to back-
ground/foreground data proportion, and inability to
handle intrinsic background motion. This paper pro-
poses an effective technique to eliminate these draw-
backs by modifying the new model induction logic and
using intensity difference thresholding to detect objects
from one or more believe-to-be backgrounds. Experi-
mental results on two benchmark datasets confirm that
the object quality of the proposed technique is superior
to that of Lee’s technique at any model learning rate.

1. Introduction

The performance of object detection is very cru-
cial in a sound surveillance system for reliable tracking
and behavior recognition. Though it can be achieved
quite easily within a limited scope using the basic back-
ground subtraction (BBS) by storing a reference back-
ground image and thresholding the difference in the cur-
rent scene, but it is often challenged in real-world by
the dynamic nature of the background due to sudden
and gradual illumination variations, intrinsic repetitive
background motions such as movement of tree leaves,
and by global motions due to intentional and/or non-
intentional camera displacements. To cope with these
challenges adaptive background modelling techniques
are widely used.

Stauffer and Grimson [7] first introduced the Gaus-
sian mixture model (GMM) technique where each pixel
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is modelled using a blend of Gaussian distributions [6]
that are continuously learnt by online approximation at
a learning rate . Object detection at the current scene
is then performed at pixel-level. First the set of Gaus-
sians that are most likely to represent the background is
isolated using the proportion by which a pixel is going
to observe the background. Then the membership of the
pixel is checked against each Gaussian in that set. Over
the past few years, different variants of GMM tech-
niques have been evolved [1, 3, 4] and several multi-
stage techniques [2, 10] were also proposed using the
pixel-based GMM technique.

Among these works, the statistical framework for
the GMM technique developed by Lee [4] improves
the convergence speed of the learning mechanism with-
out compromising model stability. This is achieved by
adaptively setting the effective learning rate higher than
a for new models and introducing a sigmoid function
to estimate the probability of a Gaussian to represent
the background from its relative weight and variance.
While the increased stability has enabled the GMM
technique to be used for ad-hoc setups where sensibility
analysis of the parameters cannot be performed, the ob-
ject detection quality of this statistical framework still
remains unsatisfactory due to the following reasons: (i)
like all other GMM techniques, an established model
with sufficiently small variance is unnecessarily dupli-
cated; (ii) the proportion by which a pixel is going to
observe the background is assumed constant but in re-
ality it fluctuates constantly depending on the number
of objects and their movement patterns; and (iii) the
problem intensifies further when intrinsic background
motion is involved resulting in a significant number of
false positive pixel detection.

In this paper, we propose a new object detection
technique using the statistical framework in [4] by sys-
tematically addressing the abovementioned problems.
The solutions have stemmed from the following obser-
vation. With static background, the BBS technique us-



ing a fixed background-foreground intensity difference
threshold .S can effectively isolate the moving objects
from the shadows even in gradually changing lighting
condition [5]. BBS fails considerably when the object’s
intensity does not contrast the background enough or in-
trinsic background motion is present, including sudden
change in lighting condition.

In most of the indoor and traffic scenarios, there
would be a single dominating distribution represent-
ing the scene background adapted over time, but in
the presence of intrinsic repetitive background motions
like fluttering tree leaves in the backdrop of clear sky,
there would be more than one dominating Gaussians
representing sky and waving leaves. If we construct
a believe-to-be background for each of these models
using the most recently observed value for the model,
the object detection decision in the current scene can
be made as follows. A pixel is foreground if its inten-
sity differs from all the believe-to-be background values
by S. Under this detection principle, two background
Gaussians having their means within S will be counter-
productive and hence, we safely reject a new model if
its mean is within .S of any of the existing model.

2. The proposed technique

In the proposed technique, each pixel of a scene
is modelled independently by a mixture of at most K
Gaussian distributions where each Gaussian represents
the intensity distribution of one of the different environ-
ment components e.g., moving objects, shadow, illumi-
nation changes, sky, tree leaves, and static background,
observed by the pixel over time. Let the kth Gaussian
in the mixture be denoted as 7, with mean p, variance
0,%, the most recently observed pixel value my, the num-
ber of observed pixel values ¢, and weight wy, such that
> vk wk = 1. Let () denote the probability pixel in-
tensity = in Gaussian 7.

2.1 Model learning

The system starts with no model in the mixture of a
pixel and then for every new observation x; of the pixel
at time ¢, it is first matched against each of the existing
models where x; is no further than 3 standard deviations
or S from the mean. As setting S low has shown guar-
anteed high quality object detection for a wide range
of surveillance test sequences in [5], we propose to use
S =~ 10% of the maximum possible value of a pixel for
all operating environments. Of all the matched models,
the one (say 7);) with the maximum weight times the
probability of z; in the model is selected as follows:
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and its associated parameters are updated as follows:
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If no match is found, a new Gaussian (say 7;) is intro-
duced with m; = pu; = x4, 0y = 30, ¢; = 1, and
w; = a. The weights of the remaining Gaussians are
updated as

Vk #£1i:wp — (1 — @)wg (6)

in both the cases. Finally weights of all the models are
normalized such that ), wy = 1.

2.2 Object detection

For each pixel, all the existing models in the mix-
ture are sorted in descending order of their background
probabilities P(n)’s such that after sorting P(n;) >
P(ny) > - -+ > P(nx) where the probability is defined
using the following sigmoid function:

P(m) = 1/(1 + e~ *r/outhy; 7

where the constants ¢ = 96 and b = 3 are suggested
in [4] after sensitivity analysis.

Now, 7; always represents the most dominating
background. However, to cater for intrinsic repetitive
background motion, we also test the remaining models
in sorting order whether it should be included in the set
of the most dominating Gaussians. Two different statis-
tics are utilized for this test. One is obviously the weight
of the Gaussian, as the existence of similarly weighted
models corresponds to the existence of a repetitive mul-
timodal background. The other is the observation sta-
bility. Standard deviation o of model 7 is a good
measure of its stability as low oy, corresponds to stable
observation and high oy, indicates varying intensities.
However, this is not true when the static background
is revealed after a long observation of varying intensi-
ties due to moving foregrounds as it may introduce a
new model 7; with very high o;. To avoid this situa-
tion, we use an alternative measure dy, = |mg — py| for
each Gaussian 7. This measure is always closer to zero
and shorter in Gaussians with stable observations than
those representing fluctuating observations. The test for
Gaussian 7y, k = 2,3, ... is carried out as follows:

w1 /dy — wi/di|dy /w1 < f; ®)
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Figure 1. Visualisation of model quality
and number: (a) frame 200 of the Wav-
ing Trees sequence; (b) distance colour
mapping for single (gray), double (green-
orange), and many (blue-pink) models; (c)
Lee’s; and (d) the proposed techniques.
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where the constant f = 0.05 is determined from a sen-
sitivity analysis.

If B models are identified in the set of most domi-
nating background models, a pixel with value z; at time
t is considered background if

Fii=1,..,B ¢ |ms — x| < S/ 9

Note that the test threshold S/¢ decreases linearly with
1 to make sure that enough intensity band is left to rep-
resent the foreground even for large B. This measure is
found to reduce false negative error where a foreground
pixel is undetected.

3 Experiments

The proposed technique is evaluated by quantita-
tive analysis and visual comparisons against Lee’s [4]
technique on 14 test sequences from the PETS [9] and
Wallflower [8] datasets, including both indoor and out-
door surveillance scenarios from different camera an-
gles. No post-processing was applied to evaluate the
unaided strengths of each technique.

The proposed preventive measure to avoid redun-
dant models was found significant in reducing the over-
all number of models from Lee’s technique while con-
comitantly improving the object detection quality. The
proposed and Lee’s techniques used on average 1.745
and 2.373 models per pixel respectively. This 26.5%
reduction in the number of models contributes a pro-
portionate computational complexity improvement by
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Figure 2. For three different learning
rates, a = 0.1, 0.01, and 0.001, pairwise
(inter-technique for the same «), intra-
technique, and the overall best detection
rates.

the proposed technique. The object detection quality
improvement was due to higher model quality, which
can be measured by the average of pairwise difference
of model means. Figure 1 visualises model numbers
and quality combinedly for both the techniques at frame
200 of the Waving Trees [8] sequence with an intuitive
colour mapping.

Error rate of a detection is the ratio of false posi-
tive (FP), incorrect object, and false negative (FN), in-
correct background, pixels to the number of pixels in
the test frame. Given a group of setups, best detection
rate for each setup is the fraction of 14 test sequences
where the setup’s error rate is within a small constant
(say 0.1%) from the best error rate among all setups.
In Figure 2, best detection rates are presented in three
different comparison setups. The superiority of the pro-
posed technique is evident in the pairwise comparison
at all learning rates as well as the overall comparison
among the six setups. The intra-technique comparison
reveals that the detection rate of neither technique was
highly sensitive to the learning rate.

Table 1 presents the error rates of test sequences at
medium learning rate and the standard deviation of error
rates at different learning rates for both the techniques
(pairwise best in bold). The proposed technique was
more robust as its error rates were far less sensitive to
learning rates. The superiority of the proposed tech-
nique in producing negligible noise, shadow and trail-
ing effects can be visually verified in Figure 3.

4 Conclusion

By eliminating near-duplicate models and using ba-
sic background subtraction from believe-to-be back-
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Figure 3. Visual comparison results at medium learning rate, « = 0.01 for test sequence (a)
PETS2000; (b) PETS2006-B1; (€) Moved Object; and (d) Waving Trees.

Table 1. Error rates at medium learning
rate and the standard deviation of the er-
ror rates over three learning rates.
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