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Abstract

Instead fo the conventional background and foreground definition, we propose a novel method
that decomposes a scene into time-varying background and foreground intrinsic images. The
multiplication of these images reconstructs the scene. First, we form a set of previous images into
a temporal scale and compute their spatial gradients. By taking advantage of the sparseness of
the filter outputs, we estimate the background by median filtering the gradients, and compute the
corresponding foreground using the background. We also propose a robust method to threshold
foregrounds to obtain a change detection mask of the moving pixels. We show that a different
set of filters can detect the static and moving lines. Computationally, the proposed method is
comparable with the state of the art, and our simulations prove the effectiveness of the intrinsic
background foreground decomposition even under sudden and severe illumination changes.
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Abstract

I_q I Input sequence
at temporal scale N

Instead of the conventional background and foreground def-
inition, we propose a novel method that decomposes a scene
into time-varying background and foreground intrinsic im- frm, )
ages. The multiplication of these images reconstructs the @ Filters Q Q
scene. First, we form a set of previous images into a tem-

>

poral scale and compute their spatial gradients. By tak-

ing advantage of the sparseness of the filter outputs, we fr

estimate the background by median filtering the gradients, "l

and compute the corresponding foreground using the back- g —

ground. We also propose a robust method to threshold fore- _L’(:)_ log* jﬁ,’ Background

grounds to obtain a change detection mask of the moving

pixels. We show that a different set of filters can detect Figure 1: An intrinsic background that is independent from
the static and moving lines. Computationally, the proposed moving objects and static cast shadows is estimated using a
method is comparable with the state of the art, and our set of N previous images.

simulations prove the effectiveness of the intrinsic back-

ground/foreground decomposition even under sudden and

severe illumination changes.

1. Introduction

Background/foreground detection is an essential componentan also be decomposed into a multiplication of a static part
of the most video surveillance systems involving object de- and a dynamic part. We form a set of previous images into
tection and tracking. Such systems require both robustnessi temporal scale and compute the spatial gradients of these
against sudden illumination changes and computational feaimages. By taking advantage of the sparseness of the filter
sibility at the same time. However, existing approaches outputs, we estimate background as a median filtered gra-
either make strict assumptions on the composition of the dients and compute the corresponding foreground. We also
scene, or fail to handle abrupt illumination changes (e.g. propose a robust method to threshold foregrounds to obtain
turning off a light source), or demand high computational a detection mask. Our method is computationally compa-
power, which restrict them to be a part of a real-time track- rable with the state of the art and our results prove the ef-
ing system. fectiveness of the intrinsic background/foreground images

Due to these shortcomings of the previous approachesgven under abrupt and severe illumination changes. A flow
we propose a novel background/foreground decompositiondiagram of the proposed algorithm is given in Fig. 1.
method based on the idea of multiplicative intrinsic im-
ages. Havmg_th_e observation that anmage IS the product of The rest of this paper is organized as follows. In the next
the characteristics of the scene that its depicts, Barrow and__ . . ; AT

. e i section, we discuss previous work on intrinsic images and

Tenenbaum [1] introduced the term “intrinsic image” to re-

) o . background generation. In section 3, we explain the com-
fer to a mid-level decomposition of an image as a product ; S
of two images. putation of the multiplicative background and foreground

. . im . In ion 4, we present simulation results and dis-
We extend the idea of intrinsic images to include the mo- ages. In section 4, we present simulation resuilts and dis

cuss the performance of the proposed method under differ-

tion characteristics of a scene by assuming that an image : o "
ent temporal scales and illumination conditions.



2.2. Change Detection

Existing background generation methods can be classified
as either single-layer or multi-layer approaches.
Single-layer methods construct a model for the color dis-
tribution of each pixel based on the past observations. A
simple approach assumes that the past observations fits into
a certain function such as a uniform distribution, and es-
timates a mean value by averaging past values to deter-
mine the current value of the background. Often a variance
original reflectance illumination score that indicates the conformity of the estimated mean
is adapted as the other higher order statistics. The variance
Figure 2: Samples of intrinsic reflectance and illumina- score is also employed as a threshold to determine a set of
tion decomposition computed by 24 images under differ- foreground pixels that are inconsistent to the background
ent lighting conditions from the CMU face database (RGB model.
color space is used). In [19], a single Gaussian is considered to model the
statistical distribution of a background pixel and alpha-
blending is used. The background is updated with the cur-
rent frame according to a preset weightsuch asB;, =
(1 — a)Bi—1 + al;. The a parameter acts as a learn-
2. Related Work ing factor; it adjusts how fast the background should be
blended to the new frame. Although it is computationally
2.1. Intrinsic Images preferable, this method is sensitive to the selection of the
learning factor. Depending to the value of either the
foreground objects may prematurely blended into the back-
ground (Fig. 3), or the model becomes unresponsive to the
observations. Preset models and moving average opera-
) o o . tions generally cause so called ghost regions in the back-
Image sequence that has undgr s:|gn|f|cant lighting Cfmd"ground that neither have the true background color nor the
tion variation. Based'on, the We_|sss me‘“F’d* Matsusﬂma foreground object color. Regardless of a pixel belongs to
al. [11] extepded Weiss's algorithm FO d.er|ve. tmg-vgrymg whether foreground or background, this approach blends
reflectance images and corresponding illumination IMag€Sine current observation in the background model. Although

from_ a sequence of images. Thgy al_so PrOpOS?d_Ut'“ngthe contamination of the background may be improved by
an eigenspace that captures the illumination variations. Weincreasing the number of frames. i.e. number of observa-

fShOW sample reflectfince and corresponding iII.umi.nationtionS, it also limits the adaptability of the model to the illu-
images computed using the CMU face database in Fig. 2. mination changes

Instead using a set of images, Finlaysetnal. [3] re- An alternative solution is the selection of the color val-
cently devised a method for the recovery of an illumination ues that are statistically more frequent. The voting method
invariant image, which is similar to the reflectance image, has advantages over the single model approach; it does not
from a single color image. They assume the input image blur the background and it allows adaptation of the sudden
contains both non-shadowed surfaces and shadows cast oghanges depending on the color statistics. The major draw-
those surfaces. They calculate an angle for an “invariant di-back of voting mechanism is its computational load.
rection” in a log-chromaticity space by minimizing the en- The Kalman filter has been extensively used in back-
tropy of color distribution. Tappest al. [16] proposed an  ground adaptation [8, 14, 17]. A version of the Kalman fil-
algorithm that uses multiple cues to recover shading and re-ter that operates directly on the data subspace is presented in
flectance intrinsic images from a single image. Using both [20]. In [13], a similar autoregressive model was proposed
color information and a classifier trained to recognize gray- to capture the properties of dynamic scenes. The Kalman
scale patterns, each image derivative is classified as beindilter provides estimates for the state of a discrete-time pro-
caused by shading or a change in the surfaces reflectancezess that obeys the linear stochastic difference equation. In
Deterministic approaches are proposed by Kilger [9]@ind our case, the state corresponds to the color of the back-
al. [10] that exploit gray level, local and static features. In ground. The various parameters of the filter such as the
statistical approachest al. [15] andet al. [6] proposed  transition matrix, the process noise covariance and the mea-
a non-parametric approaches independently that use colorsurement noise covariance may change at each time step
global and dynamic features for enhancing object detection.but are generally assumed to be constant. By using larger

Weiss [18] developed a maximum likelihood (ML) esti-
mation framework to estimate a single reflectance image
and multiple illumination images from a fixed view point



covariance values, the background adapt quicker to the il-representation becomes useful to analyze and manipulate

lumination changes, however, it becomes more sensitive tothe reflectance-lighting properties of the captured scene.

the noise and moving objects in the scene. Another draw- We propose a similar decomposition that enables evalu-

back of the Kalman filter is its inability to represent multiple ation of the motion properties and detection of moving ob-

modalities, i.e. a background region depicts a swaying tree.jects in the scene is the foreground-background description
Stauffer and Grimson suggested to model the back-

ground with a mixture of Gaussian models [4]. Rather than Iy =B C 2)

explicitly modeling the values of all the pixels as one par- )

ticSIar tzpe of dis?ribution, the backgrofnd is construgted where_ the backgrounds, represent the §tat|c and t_he

by a pixel-wise mixture of Gaussian distributions to sup- changlng foregrounds:; stand for the rel_atlvgly dy”‘f"m'c

port multiple backgrounds. Based on the persistence anaconsutgents of the scene. In Iog_ d(_)ma_ln this relation be-

the variance of each of the Gaussians, a mixture backgroun&omes'“ = b + . NOt? .that th|§ is different from Fhe

is determined. Current observations that do not fit the back-cOmmon background definition which states the relation as

ground distributions are considered foreground until there & cumula}tlve inference, i.e. foregro.und IS a reS|du§1I of the
is a Gaussian that includes them with sufficient evidencec’bservatlon when the bac_kground is removed, or in terms
supporting it. Stauffer's background update method makeOf layers of colors values i.e. background and foreground
use of an expectation maximization (EM) based framework, masks. ) i

and contains two significant parameters; a learning constant For areal World_ scene, the static F:onstltuent of a scene,
and a parameter that controls the proportion of the data that-&: colo_r of a bylldlng., as well as its t.he Qynamw con-
should be accounted for by the background. The mixture of Stituent, .. moving _ObJeCtS’ ch_anges with time. A ty_plcal
Gaussians method is the basis for a large number of relate(fxample s the va_rlatlon of day light as a resul_t of_the Inter-
techniques [5]. A non-parametric approach was used in [2] erence_of C_|OUdS nan qutdoqrs setup and swnch_lng on and
where the use of Gaussian kernels for modeling the den-Cff the lighting sources in an indoors setup. While a time
sity at a particular pixel was proposed. Mittal and Pragios invariant background image may reasonably describe the

[12] integrated optical flow in the modeling of the dynamic static scene texture without including moving objects, the
characteristics estimated foreground imagé$ tend to contain consider-

The mixture methods are adaptable to illumination able amount of scene texture and shadows especially due to

changes and they do not cause ghost regions. Furthermoré,he lighting in.suc_h _scenarios. Therefore, unlike the Weiss's
they can handle multiple backgrounds. However, one canmetho.d that implicitly assumes t_he reflectance image has
claim that their performance deteriorates when the scene tc}(.) be mdependgnt from thelnlummatlon' chaqges, we con-
be described is dynamic and exhibits non-stationary prop-s'der t|m_e-vary|ng intrinsic images as it is first posed in
erties in time as illustrated in Fig. 3. Besides, a true “mix- Mal'fu?hltasworkl. ¢ ; ¢ oV i

ture” proposes blending of different models, which eventu- 7 Irst, Iwe Ise ?‘C athsupport set o |ma1g_]rr-:s

ally comprise incorrectinformation for regardless of current jvt—N’ D1, I} from E |npl|J tsedql:jence.d_ escteh
observation fits or not. Another drawback of this multiple tprewo#s m:age? ma{the sslecte it .te.peE ing on the
model solutions is the computational load of constructing motion characteristics ot the objects 1t 1t 1S known as a

and maintaining the background models. For the higherpriori information. It is easy to see that the minimization
number of models in the mixture, such methods becomeOf the overlapping regions between a moving objectss

computationally very demanding to be practical. appearances W'thm the consecutive images wil deprease
the contamination of the static and changing constituents

.. in the decomposition since our method uses the temporal
3. Intrinsic Background median operators. Thus, we construct our support set as

A scene can be described as a composition of a static re{ft—kn, -, li—k, It} wherek is the sampling period that
flectance and a varying illumination field as stated in [18]; ¢&n be adjusted depending on the motion characteristics.
In general, assignment of larger sampling periods provides

I,=R-L, (1) sufficiently discriminating support set images, however,
the sampling period can be set to a small value in case the

whereR contain the reflectance values of the scene, while objects move relatively faster with respect to the chosen
the time dependerdt; contains the illumination intensities. frame rate. We observed that the decomposition process is
This formulation is equivalent t§ = r + [, in the log do- not highly sensitive to the value of the sampling perigd
main (We denote variables in log domain in lower-case). we setk = 100 and obtained satisfactory results for the
Since illumination imaged,, represent the distribution of test sequences in our experiments. It should also noted that
the incident light onto the scene while reflectance im@yje, the support set images can be sampled at variable sampling
depict the surface reflectance properties of the scene, thisates, i.e.k change depending on the average motion.



a—blending with N = 20 :

background foreground mask

Figure 3: Detection results for single and multi layer approaches. As expectddnding contaminates the background
severely. The multi-layer approach improves the contamination, however it deletes the stationary objects as in the lower left
part of the scene, and it is sensitive to the image noise that is induced by compression and camera jitter.

Then, we apply spatial derivative filtefs to the images  where the transform domain is obtained by the Fourier
to compute the intensity gradients=i; wherex represents  transformation. The filtey is independent of the image
the convolution operator. Since the filter outputs that are sequence, thus it can be computed in advance. The final
applied toc; are Laplacian distributed and independent over backgrounds and foregrounds are calculated by taking the
the space and time, thq ML estimate of the static constituentinverse logarithmp; = efn, Cy = e,
in the transform domait,, is obtained as We define a binary change detection mask im&fehat

B . ) corresponds to the foreground pixels in the current image
bun = median,{ fn i}, (3) I,. We set a varying threshold using the variance of the
which is a result of the fact that when the derivative filters difference between the current background and foreground
are applied to the natural images, the filter outputs tend toimagesD;(z,y) = Bi(z,y) — Ci(x,y). It can be shown
be sparse [6],[7]. We impose two derivative filtgs= [1— that the distribution of the difference forms a Gaussian func-
1], f1 = [1 —1]7. The dynamic constituent in the transform tion. Thus, we compute the meapand variance; of the
domainc;,, are then computed by using the estimated static difference, and assign the 95% percentile as the threshold

constituent$;,, as 7 = 2.50, which is based on the assumption that pixels
. ' R having high temporal gradients are significantly less than
Ctn = (fn *it) = Ten (4)  the static pixels. In other words, moving and cast shadows

are not counted as moving object pixels since at such pix-
els the temporal gradient should be minimum for a static
camera setup. The change detection mask is obtained by

Finally, the time-varying background imagésand fore-
ground images; is recovered by solving the systems of the
following linear equations [18]

. . _ [ 1 ID(x,y) — pe > 2.50,

by = gx (Z fo x btn) ) M, y) = { 0 otherwise (8)
Figure 4 shows the estimated backgrounds, foregrounds,

G = g (Z fr * ém) (6)  and masks for a traffic scene.

wherefT is the reversed filter of,,, andg is a filter which 4. EXperiments

satisfies the following equation in the transform domain . )
We tested the intrinsic background/foreground method with

G=(F, -F)™! @) several benchmark sequences. Figures 4, 5, 6 show the
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—_— Table 1: Average Processing Times
a- blending (N=10) 11lms
GMM (3 models) 55ms
GMM (5 models) 97ms
Intrinsic Background (N=15) 53ms

comes darker at frame 443 where the average intensity de-
creases almost 40%, which is an similar to the turning lights
off in an indoors setting.

Our simulations show that only the intrinsic back-
ground/foreground method can accommodate such a sud-
den and severe illumination change as shown in Fig. 8.
= & The a-blending was unable recover the background since

', ' the pixel confidences values were significantly high before
the brightness change (lower confidence values just melts
moving objects in the background, thus is not preferable
in an actual setting). A state of the art Gaussian mixture
model with 3 background and 2 foreground models took
more than 200 frames to adapt the change. We observed the
proposed method not sensitive to the sampling period, and
using higher values gives better estimation performances.

Figure 4: Intrinsic background={¢-row), foregrounds The computational cost of the proposed algorithm is also
(37-row), and detection masks‘(*-row) for samples from  comparable with the existing methods. F&2a8x240 color
a traffic scene. sequence (each channelis treated independently) on a 3Ghz

P4 platform, the average processing time of the above algo-
rithms are presented in the table 1.

We also tested different convolution filters. Instead of
estimation results for theraffic (generic),browse3(PETS  ysing the spatial derivation filters, we a applied line detector
2004), andgreen(MPEG-7) sequences. We us8d= 15 fiine = [-1 2 —1]. The response of the line filters are
previous frames that are sampledkat= 100 to form the  sparse and has a Laplacian form, which enables us to adapt
support sets. In these figures, the second row shows the eshe proposed method. We show sample detection results of
timated background images;, the third row corresponds  the line filters in Fig. 7. These filters capture the static and

to the estimated foreground imagé$, and the last row  moving edges of the scene, which is a valuable information
gives the detection maske, for the corresponding orig-  for shape extraction.

inal images given in the first row. The threshald= 2.5¢
kept same for all sequences. In Fig. 4 the scene contain55 Summary and Conclusions
moving bushes and clouds in the distance and diffuse shad-""
ows under the vehicles. Note that the foreground imageswe propose a novel method to estimate the background
are accurate and do not contain the mentioned residues. Itstatic regions, shadows cast by buildings, etc) and fore-
is also seen that the diffuse shadows are eliminated in theground (moving objects) of a sequence captured by a
masking operation. The sequence given in Fig. 5 has cam-tationary camera. As opposed to the additive back-
era jitter and encoding artifacts, which has been amplified ground/foreground models, we decompose a sequence into
by the GMM mixture method as demonstrated in Fig. 3. As time-varying multiplicative backgrounds and foregrounds
visible, the results of intrinsic method are significantly less using the intrinsic image approach as presented.
noisy. Figure 6 presents another scene where the color of There are several advantages of the proposed method: 1)
the sky changes and shadows become more eminent with is robust to the sudden and severe illumination changes
time. We observed that the proposed method accurately dethat a scene may undergo. 2) It is not restricted to the
composed the given sequences into background and foremodel based background assumptions, and it does not re-
ground constituents in each case. quire fitting neither background nor foreground models. 3)
To test the sudden severe illumination change responselt is computationally feasible to implement into a real-time
we simulated a severe brightness reduction by suppressingystem. 4) It is not sensitive to the fine-tuning of its pa-
the color values of each channel. The scene abruptly betameters. 5) We show that it is also possible to estimate a



static edge map of a scene. 6) Our results show that the mul-
tiplicative background/foreground can recover background

image and detect moving pixels accurately.
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