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Abstract nominally violated by common phenomena such as wind

Detecting moving objects using stationary cameras is an ©F 9round vibrations and to a larger degree by (stationary)
important precursor to many activity recognition, object hand-held cameras. If natural scenes are to be modeled it is

recognition and tracking algorithms. In this paper, three in- essential that object detection algorithms operate reliably in

novations are presented over existing approaches. Firstly, SUCh circumstances.

the model of the intensities of image pixels as indepen- In the context of this work, background modeling meth-
dently distributed random variables is challenged and it 0ds can be classified into two categotie1) Methods

is asserted that useful correlation exists in the intensities that employlocal (pixel-wise) models of intensity and (2)
of spatially proximal pixels. This correlation is exploited Methods that haveegionalmodels of intensity. Most back-
to sustain high levels of detection accuracy in the pres- ground modelling approaches tend to fall into the first cat-
ence of nominal camera motion and dynamic textures. Byegory of pixel-wise models. In their work, Wrest al [22]
using a non-parametric density estimation method over amodeled the color of each pixel(z, y), with a single 3
joint domain-range representation of image pixels, multi- dimensional Gaussia(z,y) ~ N(u(z,y), %(z,y)). The
modal spatial uncertainties and complex dependencies be-meanu(z, y) and the covarianci(z, y), were learned from
tween the domain (location) and range (color) are directly color observations in consecutive frames. Once the pixel-
modeled. Second|y, tempora| persistence is proposed as dViSG background model was derived, the likelihood of each
detection criteria. Unlike previous approaches to object de- incident pixel color could be computed and labeled. Simi-
tection which detect objects by building adaptive models lar approaches that used Kalman Filtering for updating were
of the only background, the foreground is also modeled to Proposed in [8] and [9] and a robust detection algorithm was
augment the detection of objects (without explicit tracking) also proposed in [7]. However, the single Gaussidfiis
since objects detected in a preceding frame contain substanj”-SUited to most outdoor situations, since repetitive object
tial evidence for detection in a current frame. Third, the motion, shadows or reflectance often caused multiple pixel

background and foreground models are used competitivelycolors to belong to the background at each pixel. To ad-
in a MAP-MRF decision framework, stressing spatial con- dress some of these issues, Friedman and Russell, and inde-
text as a condition of pixel-wise labeling and the posterior pendently Stauffer and Grimson, [2, 19] proposed modeling
function is maximized efficiently using graph cuts. Experi- €ach pixelintensity asmaixtureof Gaussians, instead, to ac-

mental validation of the proposed method is presented on acount for the multi-modality of the ‘underlying’ likelihood
diverse set of dynamic scenes. function of the background color. While the use of Gaussian

mixture models was tested extensively, it did not explicitly

. model thespatial dependenciesf neighboring pixel colors
1 Introduction that may be caused by a variety of real dynamic motion.
Automated surveillance systems typically use stationary Since most of these phenomenon are ‘periodic’, the pres-
sensors to monitor an environment of interest. The assump-ence of multiple models describing each pixel mitigates this
tion that the sensor remains stationary between the inci-effect somewhat by allowing a mode for each periodically
dence of each video frame allows the use of statistical back-observed pixel intensity, however performance notably de-
ground modelling techniques for the detection of moving teriorates since dynamic textures usually do not repeat ex-
objects. Since ‘interesting’ objects in a scene are usuallyactly (see experiments in Section 3). Another limitation of
defined to be moving ones, such object detection providesthis approach is the need to specify the number of Gaus-
a reliable foundation for other surveillance tasks like track- sians (models), for the E-M algorithm or tihemeans ap-
ing and often is also an important prerequisite for action or proximation. Some methods that address the uncertainty of
object recognition. However, the assumption of a stationary spatial location using local models have also been proposed.
sensor does not necessarily imply a statiormgkground In [1], El Gammalet al proposed nonparametric estimation
Examples of ‘nonstationary’ background motion abound in methods for per-pixel background modeling. Kernel den-
the real world, including periodic motions, such as a ceiling sity estimation (KDE) was used to establish membership,
fans, pendulums or escalators, and dynamic textures, such

as fountains, swaying trees or ocean _ripples._ Furthe_rmore, 1The body of work on background modeling is fairly vast, and only the
the assumption that the sensor remains stationary is oftermost relevant work has been reviewed here.




and since KDE is a data-driven process, multiple modes inwhile enforcing spatial context in the process. The rest of
the intensity of the background were also handled. They ad-the paper is organized as follows. A description of the pro-
dressed the issue of nominally moving cameras with a localposed approach is presented in Section 2. Within this sec-
search for the best match for each incident pixel in neigh- tion, a discussion on modelling spatial uncertainty and on
boring models. Reet altoo explicitly addressed the issue utilizing the foreground model for object detection and a de-
of background subtraction in a dynamic scene by introduc- scription of the overall MAP-MRF framework is included.
ing the concept of a spatial distribution of Gaussians (SDG), We then outline the complete algorithm in Sectfeéh Ex-

[16]. ‘Nonstationary’ backgrounds have most recently been perimental results are discussed in Section 3, followed by
addressed by Pless al[15] and Mittalet al [12]. Plesset conclusions in Section 4.

al proposed several pixel-wise models based on the distrib-

utions of the image intensities and spatio-temporal deriv- . .

atives. Mittal et al proposed an adaptive kemnel density 2 Object Detection

estimation scheme with a pixel-wise joint-model of color

(for a normalized color space), and the optical flow at each In this section we describe the global representation of the
pixel. Other notable pixel-wise detection schemes include background, the use of temporal persistence to formulate
[20], where topology free HMMs are described and sev- Object detection as a competitive binary classification prob-
eral state splitting criteria are compared in context of back- lem, and the overall MAP-MRF decision framework. For
ground modeling, and [17], where a three-state HMM is an image of sizeM/ x N, let S discretely and regularly
used to model the background. index the image latticeS = {(3,j)|1 < i < N,1 <

. j < M}. In context of object detection in a stationary cam-
The second category of methods use region models of they 5 the objective is to assign a binary label from the set

background. In [21], Toyamet al proposed a three tiered  » _ {background, foreground} to each of the sites is.
algorithm that used region based (spatial) scene informa-

tion in addition to per-pixel background model: region and ) ]
frame level information served to verify pixel-level infer- 2.1 Joint Domain-Range Background Model

ences. Another global method proposed by Olefel [13] If the primary source of spatial uncertainty of a pixel is

used eigenspace decomposition to detect objects.The bac image misalignment, a Gaussian density would be an ade-

round was modeled by the eigenvectors corresponding to . . R
'?hen largest eigenvalueZ that e?mompass possiblz iIIumigna-quate model since the corresponding point in the subsequent

tions in the field of view (FOV). The foreground objects are frame is equally likely tc_) lie in any d|re9t|on. I_—Iowever, N
the presence of dynamic textures, cyclic motion, and non-

detected by projecting the current image in the eigenspace tationary backgrounds in general, the ‘correct’ model of

and finding the difference between the reconstructed andS . ; .
: . spatial uncertainty would often have an arbitrary shape and
actual images. The most recent region-based approach

e . . .
are by Monnegt al [11], Zhonget al [23]. Monnetet al %ay be bi-modal or multi-modal because by definition, mo-

. . tion follows a certain repetitive pattern. Such arbitraril
and Zhonget al simultaneously proposed models of im- P P y

: . . structured spaces can be best analyzed using nonparamet-
age regions as an autoregressive moving average (ARMA)ric methods since these methods make no underlying as-

process, which is used to incrementally leam (using PCA) sumptions on the shape of the density. Non-parametric esti-

and then predict motion patterns in the scene. . o i
mation methods operate on the principle that dense regions
The proposed work has three novel contributions. in a given feature space, populated by feature points from
Firstly, the method proposed here provides a principled a class, correspond to the modes of the ‘true’ pdf. In this
means of modeling the spatial dependencies of observed inwork, analysis is performed on a feature space where the
tensities. The model of image pixels as independent ran-p pixels are represented by € R®, i = 1,2,...p. The
dom variables, an assumption almost ubiquitous in back-feature vectorx, is a joint domain-range representation,
ground subtraction methods, is challenged and it is furtherwhere the space of the image lattice is thwmain (z,y)
asserted that there exists useful structure in the spatial proxand some color space, for instangeg, b), is therange
imity of pixels. This structure is exploited to sustain high Using this representation allowgibbalmodel of the entire
levels of detection accuracy in the presence of nominal cam-background fr ¢, 5. x,v (7, g, b, z,y), rather than a collec-
era motion and dynamic textures. By using nonparamet-tion of pixel-wise models. These pixel-wise models ignore
ric density estimation methods over a joint domain-range the dependencies between proximal pixels and it is asserted
representation, the background itself is modeled as a sin-here that these dependencies are important. The joint repre-
gle distribution and multi-modal spatial uncertainties are di- sentation provides a direct means to model and exploit this
rectly handled. Secondly, unlike all previous approaches,dependency.
the foreground is explicitly modeled to augment the detec-  In order to build a background model, consider the sit-
tion of objects without using tracking information. The cri- uation at timet, before which all pixels, representedin
terion of temporal persistence is proposed for simultaneousspace, form the set, = {y1,y= ...y} of the background.
use with the conventional criterion of background differ- Given this sample set, at the observation of the frame at
ence, without explicitly tracking objects. Thirdly, instead timet, the probability of each pixel-vector belonging to the
of directly applying a threshold to membership probabili- background can be computed using the kernel density esti-
ties, which implicitly assumes independence of labels, we mator ([14, 18]). The kernel density estimator is a member
propose a MAP-MRF framework that competitively uses of the nonparametric class of estimators and under appro-
the foreground and background models for object detection,priate conditions the estimate it produces is a valid proba-



bility itself. Thus, to find the probability that a candidate
point, x, belongs to the background,, an estimate can be
computed,
Pixly) =n 'S pn(x - i), o - §
=1
whereH is a symmetric positive definité x d bandwidth T T
matrix, and (a) (b)
oH(X) = |H|’1/2¢(H’1/2x), ) Figure 2: Improvement in discrimination using temporal per-

sistence. (a) Histogrammed log-likelihood values for back-
ground membership. (b) Histogrammed log-likelihood ratio val-

?g fTﬁp((X);CllX - 11’ i\(riij) iS:a;é(o_lTS)l’Jéfll;(i(oxr%f;Ct:Iy %up ues. Clearly the variandeetweerclusters is decidedly enhanced.
xx' p(x)ax = Iy -

ported. Thei-variate Gaussian density is a common choice

where ¢ is a d-variate kernel function usually satisfy-

as the kernep, wherea < 1 is a small positive constant that represents the
uniform likelihood andy is the uniform distribution equal
to =—~—2—~—— 2. |f an object is detected in the preced-
N — — 1 — RxGXxBxMxN
Spgna)thbe(x) = [H|7?(27) " exp ( - §XTH 1X)~ ing frame, the likelihood of observing the colors of that ob-
3) jectin the same proximity increases according to the second

Within the joint domain-range representation, the kernel term in Equation 4. Therefore, as objects of interest are de-
density estimator explicitly models spatial dependencies,tected all pixels that are classified as ‘interesting’ are used
without running into the difficulties of parametric mod- to update the foreground modg}. In this way, simultane-
elling. Furthermore, since it is known that thgh axes are  ous models are maintained of both the background and the
correlated, it is worth noting that the kernel density estima- foreground, which are then used competitively to estimate
tion also accounts for this correlation. Lastly, in order to en- interesting regions. Finally, to allow objects to become part
sure that the algorithm remains adaptive to slower changef the background (e.g. a car having been parked or new
(such as illumination change or relocation) a sliding win- construction in an environment), all pixels are used to up-
dow of lengthp, frames is maintained. This parameter cor- date,. Figure 1 shows plots of some marginals of the

responds to the learning rate of the system. foreground model.
At this point, whether a pixel vectat is ‘interesting’
2.2 Modeling the Foreground or not can be competitively estimated using a simiike-

lihood ratio classifier [4]), —In 5((2%3 > k, wherek is

The intensity difference of interesting objects from the j threshold which balances the trade-off between sensitiv-
background has been, by far, the most widely used criterionjyy 1o change and robustness to noise. The utility in using
for object detection. In this papeiemporal persistencs  he foreground model for detection can be clearly seen in
proposed as a property of real foreground objects,ine. — rigyre 2. Evidently, the higher the likelihood of belonging
teresting objects tend to have smooth motion and tend 10y the foreground, the lower the likelihood ratio. However,
maintain consistent colors from frame to framehe joint g s described next, instead of using only likelihoods, prior
representation used here allows competitive classification;nsormation of neighborhood spatial context is enforced in

between the foreground and background. To that end, mod-; \AP-MRE framework. This removes the need to specify
els for both the background and the foreground are main-i,q arbitrary parametey.

tained. An appealing aspect of this representation is that
the foreground model can be constructed in a similar fash- ] )
ion to the background model: a joint domain-range non- 2.3 MAP-MRF Estimation
parametric density; = {z1, 2 ...z, }. Just as there was
a learning rate parametey, for the background model, a
parametep, for the number of foreground samples is de-
fined.

However, unlike the background, at any time instant the
likelihood of observing a foreground pixel at any location
(i,4) of any color is uniform. Then, once a foreground re-
gion is been detected at timethere is an increased like-
lihood of observing a foreground region at time- 1 in
the same proximity with a similar color distribution. Thus,
foreground likelihood is expressed as a mixture of a uniform
function and the kernel density function,

The inherent spatial coherency of objects in the real world is
often applied in a post processing step, in the form of mor-
phological operators like erosion and dilation, or by neglect-
ing connected components containing only a few pixels,
[19]. Furthermore, directly applying a threshold to mem-
bership probabilities implies conditional independence of
labels, i.e.P(¢;|¢;) = P(¢;), where i # j. We assert that
such conditional independence rarely exists between prox-
imal sites. Instead of applying ad-hoc heuristics, Markov
Random Fields provide a mathematical foundation to make
a global inference using local information. The MRF prior
is precisely the constraint of spatial context we wish to im-
pose onl. The set of neighborsy, is defined as the set of

m
P(xlps) = ay 4+ (1 —a)ym™! Z OH (x — Zi)7 (4) 2R, G, B are the support of color values, typically 256, ant N are
= the spatial support of the image



(@) (c)

in subsequent frames using the property of temporal persistence,
probabilities are seen in regions where foreground in the current frame matches the recently detected foreground. The non-parametr

(e)

@

Figure 1: Foreground Modelling. Using kernel density estimates on a model built from recent frames, the foreground can be detected

(a) Current FrameXbY tmearginal, fx,y (z, y) High membership

nature of the model allows the arbitrary shape of the foreground to be captured accurately B)Ghearginal, fz,c(b, g) (d) the

B, R-marginal,fz,r (b, r) (e) theG, R-marginal,fc r(g, 7).

sites within a radius € R from sitei = (4, j),
N; = {s € S| distance(i,s) < r,i # s}

where distance(a, b) denotes the Euclidean distance be-
tween the pixel locationa andb. The 4-neighborhood or

8-neighborhood cliques are two commonly used neighbor-

hoods. The pixel-vector8 = {x;,x2,...x,} are condi-
tionally independent givesi, with conditional density func-
tions f(x;|¢;). Thus, since eack; is dependant o only
through/;, the likelihood function may be written as,

P p

UX|L) = H J(xil;) = H f(Xin)Z”’f(xi\qpb)l*Zi )

i=1 i=1

Spatial context is enforced in the decision through a pair-
wise interaction MRF prior, used for its discontinuity pre-
serving propertiegi(£) oc exp (>_7_; Y0 A4l +(1—
4;)(1 = ¢;))), where) is a constant, anél # j are neigh-
bors. By Bayes Law,
pPX|L)p(£L)
p(X)
wherep(kX|L) is as defined in Equation (L) is as de-
fined andp(X) = p(X|¢;) + p(X|ys). The log-posterior,
In p(L|%), is then equivalent to (ignoring constant terms),

()

A(Mj (- )1 — ej)).

p(L[X) = (6)

f(xilvy)

LER) =2 | Feta

=1

ST

>

i=1 j=1

)

P

The MAP estimate is the binary image that maximizes

arg max L(L|X) (8)

Lel

where £ are the2V™ possible configurations of. An

Objects | Det. | Mis-Det. | Det. Rate | Mis-Det. Rate
Seq. 1 84 84 0 100.00% 0.00%
Seq. 2 115 114 1 99.13% 0.87%
Seq. 3 161 161 0 100.00% 0.00%
Seq. 4 94 94 0 100.00% 0.00%
Seq. 5 170 169 2 99.41% 1.18%

Table 1:Object level detection rates. Object sensitivity and speci-
ficity for five sequences (each one hour long).

source, andh nodes corresponding to each image pixel lo-
cation, thug’ = {vy,vq,--- ,v,, s,t}. The graph construc-
tion is as described in [5], with a directed edge:) from s

to nodei with a weightr (the log-likelihood ratio), ifr > 0,
otherwise a directed eddé t) is added between nodand
the sink¢ with a weightr. For the second term in Equation
7, undirected edges of weight are added if there corre-
sponding pixels are neighbors as defined\dy The min-
imum cut can then computed through several approaches,
the Ford-Fulkerson algorithm [3], the faster version in [5]
or through the generic version of [10]. The configuration
found corresponds to an optimal estimateCof

3 Results and Discussion

The algorithm was tested in the presence of nominal cam-
era motion, dynamic textures, and cyclic motion. On a 3.06
GHz Intel Pentium 4 processor with 1 GB RAM, an opti-
mized implementation can process up to 11 fps for a frame
size of 240 by 360. Comparative results for the mixture of
Gaussians method have also been shown. The first sequence
that was tested involved a camera mounted on a tall tripod.
The wind caused the tripod to sway back and forth caus-
ing nominal motion in the scene. In Figure 3 the first row
is the current image. The second row shows the detected
foreground proposed in [19], and it is evident that the mo-
tion causes substantial degradation in performance, despite
a 5-component mixture model and a high learning rate of

exhaustive search of the solution space is not feasible du#.05. The third row shows the foreground detected using

to its size, but sincd. belongs to theF? class of energy
functions (as defined in [10]), efficient algorithms exist for
the maximization ofl. using graph cuts, [5, 10]. To opti-

the proposed approach. It is stressed ti@tnorphologi-
cal operators like erosion / dilation or median filters were
used in the presentation of these results. Figures 4 shows

mize the energy function (Equation 7), we construct a graphresults on a variety of scenes with dynamic textures, includ-

G = (V, &) with a 4-neighborhood systeid. In the graph,
there are two distinct terminals and ¢, the sink and the

ing fountains (a), shimmering water (b) and waving trees
(c) and (d).



Figure 5: Pixel-level detection sensitivity. Average True Nega-
tives - Proposed Method 99.65 %, Average True Negatives - Mix-
ture of Gaussians 94.22 %, Average True Positives - Proposed
Method 90.66 %, Average True Positives - Mixture of Gaussians
75.42 %

process. The background is represented bingle distri-
bution and a kernel density estimator is to find member-
ship probabilities. Another novel proposition in this work

is temporal persistence as a criterion for detection without
feedback from higher-level modules. By making coherent
models of both the background and the foreground, changes
the paradigm of object detection from identifying outliers

= with respect to a background model to explicitly classify-
T T ing between the foreground and background models. The
€) (b) likelihoods obtain in this way are utilized in a MAP-MRF

_ framework that allows an optimal global inference of the so-
Figure 4:Detection in the dynamic scenes. The top row are the |ytion based on local information. The resulting algorithm
original images, the second row are the results obtained by theperformed suitably in several challenging settings.

Mixture of Gaussians method, [19] and the third row are the results  Since analysis is being performedRﬁ, itis important to
obtained by the proposed method. Morphological operators wereconsider how the so-called curse of dimensionality affects
not used in the results. performance. Typically higher dimensional feature spaces
mean large sparsely populated volumes, but at high frame
rates, the overriding advantage in the context of background
We performed quantitative analysis at both the pixel- modeling and object detection is the generous availability

lee\{I(IEI sagg n%)rj;?g(tj_lgvs%b Eg:ntgiggsér?égecr(i)wt%nrtfnvéengqrﬁ%_a f data. Here, the magnitude of the sample size is seen as
ually - u ini [ i ; ; ;
mofion (as seen in Figure 3). In the sequence, two objects n effective means of reducing the variance of the density

(a person and then a car) move across the field of view caus&Stimate, otherwise expected [4] (pg. 323). Future direc-
ing the two bumps in the number of pixels. The per-frame tions include using a fully parameterized bandwidth ma-
detection rates are shown in Figure 5 in terms of specificity trix for use in adaptive Kernel Density Estimation. Another
and sensitivity, where promising area of future work is to fit this work in with non-

4 oftrue positives detected parametric approaches to tracking, like mean-shift tracking.

f t — H 1 -
specificity= ——— 7 of true positives Since bot_h b:_:lckground and f_oreground models are continu

ously maintained, the detection information can be used to
sensitivity— # of true negatives detected weight likelihoodsapriori.

total # of true negatives

Clearly, the detection accuracy both in terms of sensitiv- Acknowledgements
ity and specificity is consistently higher than the mixture of
Gaussians approach. Next, to evaluate detection at the obThe authors would like to thank Omar Javed for his comments and
evaluated five sequences, each one hour long. Sensitivit;}J- S. Government. Any opinions, findings and conclusions or rec-
and specificity were measured in an identical fashion to th(:)ommendations expressed in this material are those of the authors
pixel-level experiment, with an object as each contiguous and do not necessarily reflect the views of the U.S. Government.
region of pixels. Results are shown in Table 1.
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