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Abstract—Events in surveillance video occur over many time
scales, but common approaches to background subtraction and
video representation are implicitly based on a single temporal
scale. In this work we derive a set of causal filters which
define a temporal scale-space representation for the activity at
each pixel. This scale-space can be maintained and continuously
updated in real-time, and, for static cameras viewing dynamic
scenes, has several interesting properties. In particular, it directly
characterizes interesting temporal features and supports approx-
imate reconstruction of the video history under challenging noise
conditions. The temporal scale-space grounds novel approaches
to several applications, including a natural visualization tool to
summarize recent video behavior in a single image, and a tool to
directly report how long the object has been present in a scene
without re-examining any video data.

Index Terms—change detection, background modeling, video
surveillance, video analysis

I. INTRODUCTION

Video surveillance is becoming dramatically more
widespread; millions of cameras are already deployed in
Britain and the United States in order to monitor traffic,
borders and critical infrastructure. Each of these cameras
creates a stream of data which must be automatically
analyzed, observed by a human, archived, discarded, or some
combination of these. While much research has sought tools
to compress and transmit video data to minimize artifacts for
human observation [19], or to analyze data in real time to
extract relevant features from raw image data for subsequent
processing [8], [11], relatively little has reasoned explicitly
about the temporal structure of the video.

This is perhaps surprising, because surveillance systems
must often answer inherently temporal questions, such as
“How long has a particular object been in the scene?” These
questions may be explicit, such as in airport left-bag situations.
They may also arise implicitly, such as in deciding when
to incorporate a new object into the background model for
a scene. The complete answer to such question requires the
semantic segmentation of the scene into specific objects. For
general scenes, however, segmentation of unknown objects is
not yet a robust operation, so we consider two simplifying
choices. First, instead of modeling the scene at the object level,
we consider a temporal decomposition of the intensity at each
pixel. Second, to make the computation and storage feasible,
we focus on a variable resolution temporal decomposition,
which retains greater accuracy for events that happened more
recently.
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Recent evidence suggests that biological visual systems
make similar choices. Recordings in the lateral geniculate
nucleus (LGN) of the cat shows the temporal precision of
the neural representation depends on the temporal extent
of the event. Although these neurons are thought to code
for motion rather than object identity or permanence, they
maintain a constant relative accuracy with an error in temporal
representation that is proportional to the temporal extent of the
event [6].

Thus, we explore a scale-space representation that provides
the ability to reconstruct the recent history of the video signal,
with an accuracy that degrades as the signal is reconstructed
further back in time. This representation, which is the response
to a collection of simple causal filters with different filter con-
stants, is simple to maintain and update online. In this paper we
argue that this provides both a compelling decomposition of
the video data, describes interesting features for video analysis,
and supports new types of tools for both automatic and human-
in-the-loop video surveillance.

This scale-space representation is useful in the context of
both human and machine analysis of video data. Human
surveillance operators are being integrated into larger surveil-
lance systems, with a pre-processing step that only shows
interesting video data to the operator. But when an operator
is responsible for thousands of cameras instead of dozens, it
is unreasonable to expect them to remember what the scene
typically looks like or how it commonly varies. Section VI
illustrates how the temporal scale space provides robust and
simple visualization tools for the operator to quickly under-
stand the context of the scene. Additionally, this representation
can be incorporated into the pre-processing steps for other
surveillance algorithms—and offers explicit control over both
how long an object needs to be visible to be considered more
than noise, and how long an object must be in the scene before
being considered part of the background.

After a review of related work in video surveillance and
background representation, we present our temporal scale-
space and a design problem for choosing appropriate time
scales. To explore this representation, we derive the equations
to approximately reconstruct the original video from the data
available at any given time and explore the accuracy and
sensitivity to noise of this reconstruction. We conclude by
presenting two potential application domains, first a traffic
scene where the visualization tools immediately present a view
of how long each vehicle has been in the scene, and second,
an experiment run on the PETS 2006 dataset! in a challenging
“left bag” detection problem.

Uhttp://www.pets2006.net, April 25th, 2006
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Fig. 1.

Background models at different time scales (top) constructed from video of a traffic scene are used to estimate the foreground regions (bottom) of a

new video frame. Background models with short time scales only detect change that occurred recently.

II. PRIOR WORK

The foundations of scale-space theory were developed by
Lindeberg and Fagerstrém [15] who show that the temporal
scale-space used in this paper is the only one that respects the
causal nature of time, has a continuous scale parameter, and
does not introduce local-maxima as scale increases. Bretzner
and Lindeberg show [5] that tracking in a temporal scale-space
can increase the robustness to temporary occlusions.

Otherwise, there has been relatively little work to explicitly
include temporal filters of varying extents within video surveil-
lance applications. The most recent work with temporal filters
has been in gesture and action recognition; two examples are
defining a vector-valued image summarizing recent motion at
each pixel in order to recognize a small library of actions [4]
and the reverse problem of finding all instances of a given
action by searching for a specific spatio-temporal template [3].

Deeper analysis of the time sequence of pixel intensity
values over time has been suggested for the problem of
tracking objects on the water, but was deprecated because of a
lack of efficient tools to develop temporal signatures of every
pixel in the scene [1].

Within the surveillance domain, foreground detection is
usually performed with reference to a background model. This
background model may be based upon pixel intensity statistics,
either a Gaussian mixture model [20], a non-parametric distri-
bution [10], or a predictive model for the time sequence [21].
Alternatively, the model may be based on local estimates
of the optic flow [17], [16], or parametric models of the
distributions of spatio-temporal derivatives [18]. All of these
background models can be updated to reflect changes in the
scene, and allow the update rule to weight the recent scene
appearance more strongly. While this permits these methods
to accommodate to slowly changing backgrounds, the drift rate
(how much the more recent frames dominate the background
model) must be set ahead of time.

An alternative approach to background modeling represents
scene dynamics at a global scale, rather than modeling the
appearance at each pixel independently. Work on dynamic
textures [9] represents each image in a particular video by a
set of coefficients, and uses an ARMA model to characterize
the time sequence of coefficients. This was extended to seg-
menting pixels on foreground objects by finding pixels whose
changes did not fit this dynamic texture [22].

Explicit reasoning about foreground objects allows them to
become another layer of background when they stop and re-
main stationary in the scene. Reasoning about these persistent
has been done using a set of code-books to keep track of image
features that appeared at different times [13], or by assigning
pixel locations to an ordered set of layers [23], [14], but these
methods are computationally expensive and it is unclear if they
are robust to noise.

Recent work in foreground detection has explored using
a pair of background models to detect changes at particular
temporal intervals [2], [7]. These approaches maintain two
background models, one for short-term changes and one for
long-term changes. A pixel is labeled as having changed
in a chosen temporal interval if it is labeled as foreground
with respect to the long-term model but not with respect to
the short-term model. Our work differs in that we explore
the use of a full temporal scale-space by maintaining many
background models. We believe this representation will be
useful beyond the temporal-interval change detection problem.
Additionally, we provide an analysis of using models with
different filter constants, a method for choosing the filter
constants, and a method for giving a specific estimate of the
change time using the scale-space.

The contribution of the current paper is to offer a very
lightweight method to maintain a background model simul-
taneously at multiple time scales. This builds on our previous
work [12] but is recast in terms of a temporal scale-space and
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The accuracy of estimating the change time, r, depends on the level of noise and the time since the change occurred. These plots show of the

scaled error in estimating the change time, the absolute error divided by the actual time since the change, for six values of 7 (error bars are one standard
deviation). The difference between the plots is the standard deviation of the Gaussian noise added to the signal (o = (.13,.27,.4)).

extended to include an error analysis of the signal reconstruc-
tion in the presence of noise.

III. TEMPORAL DECOMPOSITION

We create a multi-resolutional temporal decomposition of
a video sequence by filtering pixel intensity values. This
view-based approach is particularly useful when the camera
is static, as is often the case in surveillance applications.
The decomposition is constructed by maintaining multiple
exponentially-weighted moving averages or, in other words,
filtering the sequence with multiple causal low-pass filters,
each with different filtering constants.

Given an image sequence [ (z,t), where x is the pixel index
and t denotes time, we create a set of low-pass filtered se-
quences L = {Ly, ..., Ly} defined by the following recursive
equation:

Li(z,t) = a;Li(z,t — 1) + (1 — i) I(z, t) (1)

for ¢ > 0 and L;(z,0) = B,, an application dependent
initialization constant, for example the median background
intensity at x.

The filtering constant «; € [0, 1] determines the amount of
the current image I(z,t) to include in L;(x,t). The set L of
low-pass filtered images depends on the set of filter constants
A ={aj,...,an}. The selection of A depends on the video
frame-rate and temporal scales of interest.

As an alternative to (1), L; can be written as the following
linear equation:

t
Li(z,t) = (1—a;) Y_of 7 I(x,5) + o} B,.

Jj=1

2

This form of L; is used as a basis for the image sequence
reconstruction process and subsequent methods.

Fig. 1 shows an example of this temporal decomposition at
a single time step for a video of a traffic intersection. It also
shows that using different time scales gives different results
for the foreground detection problem; background images
with shorter time scales (smaller filter constants) only detect
changes that occurred in the recent past.

In the remainder of this paper we explore applications
of this temporal decomposition. Note that while descriptions
are in terms of a temporal decomposition of pixel intensity
values, it is possible to decompose other signals generated
from video sequences, i.e. a binary foreground-background
detection sequence.

IV. SIGNAL RECONSTRUCTION

Given a set of IV exponentially-weighted moving average
images it is possible to reconstruct the original video ex-
actly by inverting (2) (if the original video is N or fewer
frames). This is of little practical value because memory use
is unbounded. However, given additional constraints on the
form of the signal, it is possible to approximately reconstruct
significantly more frames with constant memory. We give an
example of one such constraint that enables us to estimate
when a pixel most recently changed. The constraint also pro-
vides intuition for the less computationally intensive method
described in Section V.

We constrain the reconstructed signal at each pixel to be
piecewise constant with only two pieces. While not a practical
model over long durations it is useful for modeling short-
term image changes (e.g. a person or vehicle occluding the
background).

Specifically, we make the assumption that the signal at each
pixel has the following form:

fm,l
fm,Q

Reconstructing the signal reduces to determining the time
when the pixel changed, r,, and the pixel intensity before
and after the change, respectively f, . and f;o. With this
signal model, (2) can be simplified as follows (see appendix
for derivation):

Li(,t) = fo2 + (fo1 — foo)ai 7. 4)

Given the known low-pass filter responses L;(x,t) we
seek the the parameters f, 1, fr 2, and r, for the piecewise-
constrained response ﬁi(a:, T) that most closely approximate
the actual signal responses L;(x,T') in the least-squares sense:

ift<r,

I t) = e3>,

3)

N
arg min &)
"'a:vfm,17fz.2 i

(Li(z,T) — Li(2,T))?

The set of filter constants A affects the accuracy of the
estimate of the change time r. To explore this we conducted
an experiment with a synthetic signal, a two-piece piecewise
constant signal corrupted by different levels of additive Gaus-
sian noise. The piecewise signal value changes from one to
zero at time step 2000 (i.e., (r, f1, f2) = (2000, 1,0)). The
standard deviation of the noise ranges from 0.13 to 0.40. We
use a fixed set of filters spaced logarithmically between 1—e~2
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Fig. 3.

(top) The time scale decomposition at one time step of the video of a traffic intersection. The difference between background images with small

filter constants (bottom right) highlight recent changes, for example the cars moving through the intersection. With larger filter constants (bottom left), the
highlighted changes occurred a longer time ago, for example the cars waiting for the light to change. These difference images are used in two applications

described in Section VI.

and 1 — e—8. The results, shown in Fig. 2, show that at the
lowest noise level this set of filter constants can be used to
estimate the time of recent changes with a small error. The
error increases significantly when the time since the change
is above 6000. As the level of noise increases the error in
estimating recent changes increases and the point at which
large estimation errors begin occurs more sooner.

Reconstructing a signal from the temporal decomposition
is instructive but in practice performing the reconstruction is
computationally intensive—requiring a solution to (5) for each
pixel. In the next section we show a method for extracting
useful information from L without this step.

V. CHANGE DETECTION WITHOUT RECONSTRUCTION

Determining when the most recent change occurred in a
video, which we define as determining r, in (4) for all pixels,
is useful for many applications. However, the computationally
intensive signal reconstruction step described in Section IV is
unnecessary when an exact estimate of r, is not needed. In
this section we describe a filter, based on a combination of two
low-pass filter responses, and a corresponding approximation
that is significantly less computationally intensive.

We define the difference of low-pass filter (DoLP)
D; j(z,t) = Li(xz,t) — L;(x,t) which, if we assume a two-
piece piecewise constant signal, can be simplified as follows:

D j(@,t) = (far — fap)(af 17 =l 7). (6)

Fig. 3 shows an example of difference of low-pass filter
responses for a video of a traffic intersection. We now explore
properties of this filter when applied to piecewise constant
signals.

A. Estimating Recent Changes

This section presents a method for rapidly estimating the
change time of a signal using a set of difference of low

0.25

Response
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Time

Fig. 4. Using the difference of low-pass filter (DoLP) responses to
approximate the change time. The figure shows the time-series response of
a set of DoLP filters to an input function that changed at time zero, r, = 0.
The DoLP filter constants are logarithmically-spaced, A = {a1,...,an} =
1- {eil, e 2, ... e N } A given DoLP filter response is the maximum
response for a contiguous temporal interval and this interval can be used as
an estimate of when the change in the input signal occurred. The temporal
interval for each DoLP filter can be computed numerically in advance and
stored in a lookup table (see Table I for an example).

pass filter (DoLP) responses. Fig. 4 shows an example of
the responses of a set of DoLP filters, with «; and «; set
to consecutive elements of A = 1 — {e7!,e7?, ... eV},
to a unit step function input. This structure is also evident
in the responses to real signals that are not perfect unit step
functions, see Fig. 8 (more fully described in Section VI).

Our approach to estimating the change time is motivated
by the observation that a given DoLP filter response, D; j41,
is the maximum response within a set of DoLP filters for
a contiguous temporal interval. The maximum response at
a particular time-step, ¢, can be determined on-line and the
corresponding interval can be used as an estimate of the
change time, r,, of the input signal. The temporal interval for
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TABLE 1
LOOKUP TABLE OF TEMPORAL INTERVALS FOR A DOLP FILTER SET

a; Q41 Start frame End frame
1—e 2 1—e38 6 17
1—e 3 1—e* 18 49
1—e* 1—e? 50 136
1—e 5 1-—¢6 137 372
1—e 6 1—¢7 373 1015
1—e 7 1—e8 1016 5000

0.5

0

0
0 250 500 750 1000 0 250 500 750 1000

(a) Low-pass filter responses  (b) Difference of low-pass filter re-

sponse

Fig. 5. Responses of a set of filters automatically derived to detect pixels
that changed between 250 and 500 frames ago (gray region). Both plot
show responses to a unit step function input at ¢ = 0. (a) The responses (red
and blue) by the two low-pass filters. The region between the two vertical line
corresponds to the temporal region of interest. (b) Shows the difference of
the two low-pass filters in (a). As desired, the threshold (green) is exceeded
only when 250 < t < 500.

each DoLP filter in a filter set can be computed numerically
in advance and stored in a lookup table (see Table I for
an example). This interval only needs to be computed once
because it does not depend on the magnitude of the signal.
We populate the lookup table entry for a DoLP filter, D; ;4 1,
by simulating the responses of all filters in the filter set to a
unit-step function and determining the values of ¢ that cause
D; ;41 to be larger than all other responses.

We have shown how to use a generic set of filter constants to
provide an estimate of the change time. In applications where
the temporal intervals of interest are known in advance it is
possible to provide a better estimate. In Section V-B we show
how to choose filter constants for determining if a change
occurred in a specific temporal interval.

B. Designing Filtering Constants

In some applications the specific temporal intervals of
interest are known in advance and the approximation inherent
with a generic set of filtering constants can be avoided. In this
section, instead of choosing the maximum response from a
set of responses, as in the previous section, we use a single
DoLP response tuned to detect changes that occurred in a
specific temporal interval. We show a method for choosing a
pair of filter constant values and a threshold to apply to the
DoLP response that meet the application requirements. Using
this method temporal accuracy is improved without additional
runtime cost.

Given an application that requires detecting changes that

happened between ¢; and ¢y time-steps in the past we want
to design a pair of filters that can be used to accurately detect
changes in this interval. The design problem is to determine
filter constants, a; and «so, and a threshold ¢ such that the
DoLP response for the pair of filters exceeds the threshold
¢ < Djo(x,t) when the change in the underlying signal
occurred in the specified interval ¢t; < r, < to (see Fig. 5).
Note that using the threshold c replaces the process of finding
the maximal response in the method described in the previous
section.

Combining these requirements with the simplified DoLP
response (6) results in the following constraints on the solution
to the design problem:

(foq — fac,Q)(Oé?Jrl — a§1+1) =c (7)
(foa = fo2)(@P T —alt)y =¢ (8)

The design problem is ill-posed so we need an additional con-
straint. Empirically we find choosing a; such that L (z,t2) =
0.99 * fg o (i.e. constraining the intersection of the red curve
with the right-most dashed line in Fig. 5.(a)) results in design
parameters that work well in practice. Using o1 we solve
numerically to find the non-trivial value of a9 (the trivial
solution is ay = 7). Given a3 and a9 and assuming that
the input is a unit step function it is straightforward to solve
for the specific value of ¢ needed to properly threshold the
signal.

Since the filters, oy and o, are designed for f;; = 0 and
fz,2 =1 the threshold ¢ will be incorrect for other signals. To
compensate for this, the threshold ¢ needs to be rescaled, at
runtime, according to the actual signal. As an approximation,
we use a low-pass filter response with a large filter constant to
estimate f; 1 and a filter response with a small filter constant
to estimate f 5.

VI. SAMPLE APPLICATIONS

Security personnel are often tasked with monitoring multi-
ple video streams. A key question that arises when a new video
stream is presented is “How long has that object been there?”.
This section highlights how tools to answer this question
directly can be derived using only the temporal decomposition
(and not, for example, rewinding or reviewing the entire
video). Maintaining the temporal video decomposition allows
this to be computed on demand, in real-time.

We consider two different cases. The first is the visualization
of the recent history of an entire scene that uses colors or
multiple images to indicate how long each part of the scene
has been constant. The second is the local analysis of a single
pixel location in an indoor train station scene which is part of
the PETS 2006 “left bag” data set.

A. Temporal visualization

The first application uses video from a static camera
mounted far above an intersection. The scene contains multiple
time scales of interest—moving vehicles, vehicles that have
stopped momentarily, vehicles that are waiting at a light, and
vehicles that have parked. The ability to evaluate potential
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threats within this scene would benefit from knowledge of
the status of each car. We create filtered images that separate
objects that have been static for a long time from those
that are moving. We maintain four background models using
low-pass filters with alpha values: A = «,a9,...,a4 =
1-— {6_1,6_3,6_5,6_7}.

Fig. 6(a) shows three frames of the input sequence, and
Fig. 6(b) shows the decomposition of each frame—with the
different filtered images stacked as a column. These filtered
images are created by compositing a background image with
information extracted from a set of three difference of low-
pass filtered images (D12, D23, and D3 4). For illustration
purposes, we define a background image as the average of all
images in the sequence (although in a continuously operating
online system, we could use the image L, or the low-pass
filtered image with the largest filtering constant). Pixel values
that differ from background by more than 25 gray values are
considered to be foreground. At each frame, each foreground
pixel has a largest response in one of the three difference
image; that foreground pixel is drawn onto the corresponding
filtered image. In the first column, the scene is new, each pixel
location just changed from the background, and all objects
are therefore drawn on the top image. In the second column,
corresponding to frame 60, the bus and opposite cars are
shown at the second time scale, while the moving cars show
up at the shortest time scale. Finally, in the third column, the
bus and cars have still not moved, and are drawn in the filtered
image corresponding to the longest time scale. Fig. 6(c) shows
a false color image where the color indicates the length of time
that each pixel has been static, and summarizes each column
of Fig. 6(b) in one image. An example of this false color
visualization on another scene is shown in Fig. 7.

B. Left-bag detection

Without hypothesizing a background model it is still possi-
ble to estimate when an object appeared in the scene, even in
the case of substantial noise and short occlusions. Fig. 8(a,b,c)
shows several frames of the PETS 2006 “left bag” challenge.
Fig. 8(d) shows the pixel intensity profile of a pixel (the center
of the square in the image) that views the bag. Fig. 8(e)
shows the D; ;1 (difference of low pass filter images) for
i € {1.27}, where a; = 1 — e~ (95+3) The piece-wise
constant reconstruction of the pixel intensity using only the
D; ;41 values (following (5)) indicates a time that the bag was
left that is accurate to within the error of a human estimate.
Note that this accuracy is achieved despite significant noise
before the bag is left, and 5 occlusions (people walking in
front of the bag) after the bag has been left.

VII. DISCUSSION

This paper considers the use of a temporal scale-space as
a lightweight representation of the recent video data. This
scale-space creates a robust, multi-resolution decomposition
of the recent appearance history at each pixel, and later
processing stages can choose the most relevant time scale. At
each time scale, the temporal decomposition provides a natural
robustness to much shorter impulse noise, which often arises

due to brief occlusions in video. Unlike (the more common)
spatial scale-spaces, the values of the pixel measured by filters
with varying temporal scales is directly useful as a feature
defining the recent history of that pixel. We have illustrated
how these features correlate with scene properties of interest
(such as how long ago an object appeared), and the strength
of this approach is that this correlation is immediate and
maintained in real time.

This work has taken an intentionally minimalist approach in
an attempt to highlight the potential of simple causal temporal
filters. Direct visualization of these filter responses provides
a form of visual context for a video surveillance operator.
Furthermore, as visual surveillance algorithms continue to be
deployed in more varied and realistic environments, better
representation of temporal variations at different scales are
vital for scenes with consistent background motions, and light-
ing variations such as flashing lights at night or intermittent
sunlight during the day.

APPENDIX A
SIMPLIFICATION USING PIECEWISE ASSUMPTION

In this appendix we show how to derive (4) from the
recursively-defined low-pass filter response (2). We make the
assumption that the signal, I(z, j), at a pixel, z, is two-piece
piecewise constant and that the first signal value, f; 1, is equal
to the initialization constant, B,.. The derivation is as follows:
Li(x,t) =

= (=) a7 I(x,j) + /B
j=1
re—1 t
=(1—a) a; jle-i-zat T fo2| +aifa
=1 J=ra
Te—1
=aj(l-a) [Za T fan + Za M foo| +alfon
J=ra
Ty—2 t—ry
=al(l—a) | Y a7 "+ 3 a7 5T,
z2=0 z2=0
+O‘§fm,1
1 Q;

+04§fm,1
:fw2+(fa:l_f12) t+1 e
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Frame 1 Frame 60 Frame 150

Original frames

Short timescale

Medium timescale

Long timescale

False color

Fig. 6. Examples of video frames filtered by thresholding difference of low-pass filter responses at each pixel. (a) Three frames from a video of an
intersection. The bus and the cars across the intersection have just arrived and do not move for the duration of the video but other traffic continues to move.
(b) The rows correspond to difference of low-pass filters tuned to detect different temporal ranges with lower rows detecting longer temporal ranges. The
columns are the image generated for the above original frame. As can be seen, the images of the stationary bus and cars move from the most to the least
recent time scale image as time progresses but the non-stationary vehicles remain in the most recent time scale image.
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Fig. 7. The same filtering as shown in Figure 6, applied to another video sequence. By frame 150, the temporal decomposition of the scene gives an
annotation in each image of which vehicles are moving and which continue to be stationary.
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An example of reconstruction and change estimation on real video data. (a,b,c) Three example frames from a video in which a suitcase is left

in front of a train. (d) The pixel intensity value over time of the pixel highlighted in (a,b,c). Notice the signal is noisy and the package is occluded several
time by pedestrians (e.g. c). The reconstruction (green) is computed from the filter responses (e) at the end of the video and accurately highlights the time
the bag was left. The difference of low-pass filter responses over time (f) have the structure expected from Fig. 4.
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