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ABSTRA CT

Network video cameras,invented in the last decadeor so, permit today pervasive, wide-areavisual surveillance.
However, due to the vast amounts of visual data that such camerasproduce human-operator monitoring is not
possible and automatic algorithms are needed. One monitoring task of particular interest is the detection of
suspiciousbehavior, i.e., identi�cation of individuals or objects whose behavior di�ers from behavior usually
observed. Many methods basedon object path analysishave beendeveloped to date (motion detection followed
by tracking and inferencing) but they are sensitive to motion detection and tracking errors and are alsocomputa-
tionally complex. We proposea new surveillancemethod capableof abnormal behavior detection without explicit
estimation of object paths. Our method is basedon a simple model of video dynamics. We proposeonepractical
implementation of this generalmodel via temporal aggregationof motion detection labels. Our method requires
little processingpower and memory, is robust to motion segmentation errors, and general enough to monitor
humans, cars or any other moving objects in uncluttered as well as highly-cluttered scenes. Furthermore, on
account of its simplicit y, our method can provide performanceguarantees. It is alsorobust in harsh environments
(jittery cameras,rain/snow/fog).
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1. INTR ODUCTION

Pervasive, wide-area visual surveillance, unthinkable even 10 years ago, is a reality today due to the invention
of network video camera. Relatively inexpensive, such a camera has beenmade possibleby recent advancesin
the integration of sensing,compressionand communication hardware. Easily deployed and remotely managed,
network camerascan generate round-the-clock visual data (both during daytime and at night, when infrared
�lter is disabled). Such real-time data is widely exploited today in restricted-area accesscontrol, vehicle and
pedestrian tra�c analysis, gait recognition, detection of unattended luggage,etc. However, the vast amount of
data produced by each camera makes monitoring by human operators unfeasible in practice, due to high cost
and reliabilit y issues(boredom and fatigue factors). Therefore, the development of automatic algorithms for
each task at hand is of interest, with the goal of aiding human operators (by identifying relevant data segments)
and, eventually , replacing them.1

One task of interest in surveillance applications is changedetection (and, related, motion detection), i.e., au-
tomatic segmentation of a video sequenceinto static and changed(e.g., moving) areas. Numerouschange/motion
detection algorithms have beendevisedto date,2 from �xed- and adaptive-thresholdhypothesistesting,3 through
background subtraction,4{ 6 to MRF 7 and level-set inspired methods.8, 9 Among the very many change/motion
detection techniques proposedto date most assumestatic cameraand motionless background, although excep-
tions exist.10

By de�nition, change/motion detection algorithms attempt to detect each moving object in a scene.Although
this may be desirable in someapplications, e.g., car counting, it may not be appropriate for certain higher-level
applications, such as detection of speed-limit violations on a highway. In such cases,rather than searching for
intensity/color changesin time, one searchesfor \b ehavior" changesin time.

A task of this kind that recently gained prominence in surveillance and homeland security applications is
anomalousbehavior detection, i.e., identi�cation of individuals or objects whosebehavior di�ers from behavior
typically observed. As discussedin a review paper by Hu et al.,11 many surveillance methods are basedon a
general pipeline-basedframework; moving objects are �rst detected in a motion detection step, then they are
classi�ed and tracked over a certain number of frames, and, �nally , the resulting paths are used to distinguish



\normal" objects from \abnormal" ones(path di�eren t from paths of most objects). In general, thesemethods
contain a training phaseduring which a probabilistic model is built using paths followed by \normal" objects.
We review many such methods in the next section.

In this contribution, we proposea new surveillance method capableof abnormal behavior detection without
explicit estimation of object paths. Our method is basedon a statistical model of video dynamics. We propose
one practical implementation of this general model via temporal aggregation of motion detection labels. Its
advantage over path-based methods is that it requires little processingpower and memory, and is robust to
motion segmentation errors. Our approach is general enough to monitor humans, cars or any other moving
objects in uncluttered as well as highly-cluttered scenes.

The approach proposedhere makes three contributions. First, the modeling of temporal behavior and its
use in visual anomaly detection by means of behavior subtraction are both novel. Secondly, our solution to
this problem is e�cient and robust. While path-basedschemesrequire many stagesof processingranging from
low-level detection to high-level inferencing, and can often result in dramatic failure due to multiple stagesof
processing(imprecisemotion �eld, tracking error), our algorithms typically require only low-level processingand
can be e�cien tly implemented in real-time. They are also robust against harsh environments such as jittery
cameraswith unknown calibration, highly cluttered scenes,rain/snow/fog. Furthermore, on account of our
method's simplicit y we can provide performance guarantees for our algorithms. Thirdly , the proposedapproach
is general, i.e., it applies to any moving object (car, truck, person), groups of objects, merging and/or splitting
objects.

2. RECENT DEVELOPMENTS IN ANOMAL Y DETECTION

One approach to abnormal behavior detection is to explicitly model typesof suspiciousactivit y one is interested
in, or, alternativ ely, to model typesof activit y that is considerednormal and then detect everything that doesnot
�t this model. The former approach is a typical caseof classi�cation. Unfortunately, this approach requiresthat
every kind of suspiciousbehavior be known a priori . This may be feasible for a simple surveillance task, such
as detecting motion in a restricted area,3 detecting peoplecarrying cases12 or detecting abandonedobjects.13{ 16

However, beyond such speci�c applications, classi�cation is hardly the right choice for more general suspicious
behavior detection becausesurveillancesystemscannot train on long suspiciousvideo sequencessinceabnormality
occurs infrequently by its very nature.

A successfulalternativ e to classi�cation has been machine learning that automatically models \normalit y"
basedon a referencevideo sequence.Basically, the learning servesas a behavior summarization step. Then, any
monitored activit y di�eren t from the normal patterns learned during the training phaseis labeled as suspicious.
Numerous such methods apply learning to two-dimensional motion paths resulting from tracking objects or
people.11, 17{ 20 Typically, two stepsare performed. In the �rst step, a large number of \normal" individuals or
objects are tracked over time. The resulting paths are then summarized by a set of motion tra jectories, often
translated into a symbolic representation of the background activit y. In the secondstep, new paths are extracted
from an observed sequenceand comparedto those computed in the training phase.

One common approach to capturing background activit y is through a graphical state-basedrepresentation
such as hidden Markov models or Bayesiannetworks.11, 17, 21 Methods using graphical representation have been
used to recognize speci�c moving objects,22 human gestures,23 interaction between two individuals,24 more
generalsingle-track activit y,25 tra�c patterns21 or simply to help track moving objects more robustly.26 Unfor-
tunately, sincethesemethods include a classi�cation step, it isn't always clear how to adapt them to abnormality
detection in real-life scenarios.

Other graphical path-basedmethods aim explicitly at detecting suspiciousbehavior. The work by Johnson
and Hogg,27 to the best of our knowledge, was the �rst method to construct a probabilit y density function of
human tra jectories. The method beginsby vector-quantizing tracks and clustering the result into a predetermined
number of PDFs using a neural network. Using the training data, the method predicts tra jectory of a pedestrian
and decidesif it is suspicious.This approach has beenlater improved by simplifying the training, 28 embedding
it into a hierarchical structure basedon co-occurrencestatistics,29 and adding a topological representation. 30 In
all theseapproaches, the anomaly detection as well as behavior prediction are performed spatio-temporally.



Although there are advantagesto using paths asmotion features, there are clear disadvantagesaswell. First,
tracking is a di�cult task, especially in real time. Sincethe anomaly detection is directly related to the quality
of tracking, a tracking error will inevitably bias the detection step. Secondly, since each individual or object
monitored is related to a single path, it is hard to deal with people occluding each other. For this reason,
path-basedmethods aren't well suited to highly-cluttered environments.

Recently , a number of surveillance methods that do not use tracking have been proposed. Some of these
methods summarize the dynamic content of a scenein a 2D structure. For example, in the method proposed
by Xiang et al.31 moving objects (blobs) are represented by their position, size, temporal gradient and the so-
called \pixel history change" (PHC) image that accumulates temporal intensity di�erences. During the training
phase, an EM-based algorithm is used to cluster the moving blobs, while at runtime each moving objects is
compared to the pre-calculated clusters. The outlying objects are labeled as suspicious. Another method,
proposedby Bobick and Davis,32 recognizeshuman movement. A seriesof human movements is summarizedby
2D temporal templates, and the recognition is performed by matching those temporal templates with moment-
basedfeatures. Oh et al.33, 34 have also proposedto summarizedynamic content in a video sequencethrough a
lower-dimensionality structure. Their method �rst divides a training sequenceinto temporal segments and then
characterizeseach segment by certain motion characteristics (e.g., no motion activit y, medium motion activit y,
high motion activit y). These motion characteristics are then used to cluster every segment using k-means
algorithm. At runtime, observed video segments are compared to the pre-estimated clusters; if the observed
segment corresponds to a cluster then it is normal, otherwise it is anomalous.

A di�eren t approach, using spatio-temporal intensity correlation to recognizemotion, has been proposed
by Shechtman and Irani. 35 A spatio-temporal segment (a short video clip) is correlated with a longer video
sequence. This results in the so-called \b ehavior correlation volume". A peak in this volume corresponds
to location where a good match with the segment exists. Unfortunately, since this method can accurately
detect known behavior only, it is unclear how it can be modi�ed to detect unexpected behavior. Boiman and
Irani 36 proposedto usestatistical spatio-temporal correlation to build an observedsequencefrom spatio-temporal
segments extracted from a training sequence.In this analysis-by-synthesismethod, only regionsthat can be built
from large contiguous chunks of training data are considerednormal.

Finally, Ng and Gong37 have developed a model for temporal characteristics of intensity changesat each
pixel. A Gaussianmixture is used to model long-term activit y while short-term changesare modeled using a
pixel energy function. Zhong et al.38 slice a video sequenceinto segments of equal length and model each with
spatial motion histograms. These histograms are then clustered into protot ypes. At runtime, protot ypes are
compared to establish correspondenceusing co-occurrencematrices. Using a graphical structure, isolated (yet
suspicious)video segments can be located.

As mentioned in the intro duction, our method doesnot usetracking. Similarly to the methods proposedby
Xiang et al.,31 Bobick and Davis32 and Oh et al.,33, 34 our approach summarizesthe dynamic content of a video
sequencein a low-dimensionality structure during the training phase. This structure, that we call a behavior
image, is derived from basic motion features that can be computed by simple change/motion detection, such as
background subtraction. A typical behavior image captures motion activit y present in the training sequence.
As opposed to the approach proposed by Oh et al.,33, 34 we do not divide the input sequenceinto segments
but consider the complete sequenceinstead. Also, as opposedto the approach proposedby Xiang et al.,31 our
method works at pixel level and doesnot de�ne blobs explicitly .

3. FORMULA TION OF THE PR OBLEM

Most of the time, the goal of a video surveillance system is to detect unusual behavior, e.g., motor accident,
vehicle breakdown, restricted area intrusion, walking away from a suitcase. Thus, the starting point should be a
de�nition of usual behavior. Similarly to a number of methods proposedto date, we considera video sequenceto
exhibit normal behavior if its dynamic content has already beenobserved in a training sequence.Consequently ,
an abnormal video sequenceis one whosedynamic content has not beenobserved in the training sequence.

Consider bI (~x; � ) to be a training video sequenceexhibiting normal activit y and I (~x; t) to be an observed
video sequencewhich may contain unusual behavior. We assumethat both sequencesare spatially sampledon
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Figure 1. One video frame, its motion label �eld (obtained using simple background subtraction), and a series of 0's
(static) and 1's (moving) observed at one pixel.

2-D lattice �, i.e., ~x is a pixel location such that ~x 2 � � R2. Although an extension to di�eren t lattices for
I and bI is straightforward, today almost all camerasuse orthogonally-sampled sensors. However, we assume
that the two sequencesmay be di�eren tly sampledtemporally, due to di�eren t frame rates at which the cameras
operate: t = k� t with k 2 Z and � = l � � with l 2 Z , where� t and � � are the sampling periods of the observed
and training sequences,respectively. This framework can also accommodate frame losses,e.g., due to network
congestion,but in this paper we assumeno such lossesoccur. Note that we deliberately usea di�eren t symbol
for time in the training and observed sequencessince, in general, they are captured at di�eren t times. We could
have used the samesymbol and explicitly identi�ed di�eren t time intervals for each sequence,but this would
lead to a cumbersomenotation. Finally, let X be an abnormality label �eld that we seekto estimate vis-�a-vis
the observed sequenceI (~x; t); X (~x; t) is 0 for normal and 1 for abnormal behavior at position ~x and time t.

As we stated earlier, we believe normalit y/abnormalit y of a video sequenceshould be judged based on
its dynamic content. However, how to quantify such content? A sequence'sdynamic content is related to
luminance/color changesover time that are, in turn, induced either by motion in the observed 3-D sceneor
changing light output from a light sourcein the scene(e.g., blinking light). Although the latter casemay be of
interest occasionally, we believe that in the majorit y of casesit is the observed motion (of individuals or objects)
that needsto be scrutinized for abnormalities.

Among the simplest, but meaningful, motion attributes is the presence/absenceof motion. This attribute
can be computed by means of motion detection; the resulting labels take, for example, value of 1 if a pixel
belongsto a moving object, and 0 otherwise. Many motion detection techniqueshave beendevisedto date, from
�xed- and adaptive-threshold hypothesis testing,3, 39 through methods basedon Markov random �eld models,7

to methods basedon level sets.8, 9 Alternativ ely, changedetection methods can be applied, such as background
subtraction.4, 6 Due to its very nature, background subtraction captureslonger-term dynamicsin a video sequence
(how far it reachesback dependson the particular algorithm used) whereasa typical motion detection captures
shorter-term dynamics (as short as betweenconsecutive frames). Which technique is more appropriate depends
on the application envisaged.

Since in abnormality detection one is interested in longer-term, rather than frame-to-frame, changes,back-
ground subtraction is a suitable, and yet simple, method to detect the presenceof motion and also longer-term
changes. Let bL(~x; � ) and L(~x; t) be sequencesof motion (change) detection labels computed from the training
sequencesbI (~x; � ) and I (~x; t), respectively.

Each motion label sequencecontains a temporal seriesof zerosand onesat each spatial location ~x. Fig.1 shows
an example of motion label �eld and a temporal binary sequenceobtained by simple background subtraction
basedon median �ltering a group of frames. Each such binary sequenceembodiesthe amount of activit y occurring
at a given pixel location during a certain period of time. For instance, a pixel whosezero-onesequencecontains
many 1's is located in a relatively \busy" (time-wise) area, whereasa pixel associated with many 0's is located
in a relatively \static" area.



Figure 2. Video frame from training sequencebI and corresponding background behavior image B , as well as video frame
from observed sequenceI and corresponding observed behavior image v. Brigh ter pixels denote higher motion activit y.
Note a large amplitude in the observed behavior image v at tram way location, and a low amplitude in the same area in
the background behavior image B .

3.1 Beha vior image

A direct comparisonof motion label sequencesL(~x; t) and bL(~x; � ) in order to extract abnormalities is not feasible
since at least the observed sequenceis of in�nite length (streaming video). Although one could compare a
segment from L(~x; t) with all segments of bL(~x; � ), this would be computationally complexand memory intensive.
Therefore, we proposeto perform dimensionality reduction by capturing all dynamics of the training sequence
bI (~x; � ) in a single 2-D �eld.

Many approaches can be envisagedto such a dimensionality reduction (some have been proposedby Oh et
al.,33, 34 and by Bobick and Davis32). One example, that we pursue here, is to considera seriesof observations
at spatial location ~x abnormal if it contains an unusually high amount of activit y. Then, a single 2-D �eld
should capture the maximum amount of activity at each ~x. This can be accomplishedby �nding the maximum
\busyness" (number of time instants with motion label 1) over all temporal windows of size W in the training
sequencebL(~x; � ) as follows:

B (~x) = max
k

2

4
kX

j = k � W +1

bL(~x; j � � )

3

5 ; (1)

whereW � k � M and M is the training sequencelength. Sincethe 2-D �eld B (~x) captures the peak activit y of
training sequencebI (~x; � ), we call it the background behavior image. As shown in Fig. 2, the B image succinctly
synthesizes the ongoing activit y in a training sequence. It implicitly includes the paths followed by moving
objects as well as the amount of activit y registeredat every point in the training sequence.

3.2 Beha vior comparison

Now, that we have learned the maximum activit y in a training sequence,any W -frame binary series in the
observed motion sequenceL(~x; t) can be consideredabnormal if its activit y is higher than that in the background
behavior image B . Thus, we de�ne the observed behavior image as follows:

v(~x) =
kX

j = k � W +1

L(~x; j � t); (2)

where W � k � N and N is the observed sequencelength. Clearly, v(~x) captures the total amount of activit y
observed during the last W framesof the observed sequenceI (~x; t). An exampleof the observed behavior image
v is shown in Fig.2. Note that high-brightness (high-activit y) pixels occur only in areasof signi�cant motion
presencein the precedingW frames.

Once the behavior imagesB and v have beencomputed, a distance measuremust be establishedto evaluate
whether these 2-D �elds are closeto each other or not. Clearly, such a measureshould be zero if the amount
of activit y in the observed behavior image v(~x) is lower compared to the amount of activit y in the background



behavior image B (~x), should be small if it is slightly higher, and large if it is signi�cantly higher. One simple
possibility for such a distance function is:

D (~x) = bv(~x) � B (~x)c0; (3)

where bac0 is a \negativ es-to-zero" operator, i.e., bac0 is 0 if a < 0 and a otherwise. With the above distance
measure,abnormal behavior detection canbe implemented, similarly to background subtraction, by thresholding:

X (~x; t) =
�

1 if D (~x) > � ;
0 otherwise.

(4)

Clearly, in this caseabnormal behavior detection simpli�es to subtraction of image v, containing a snapshot
of activit y just prior to t, from the background image B , containing an aggregateof long-term activit y in the
training sequence,followed by non-linearity and thresholding. This explains the name behavior subtraction that
we gave to this method.

3.3 Generalizations

One should note that equations (1{4) describe only one possibleformulation of background subtraction. These
steps can be generalizedby taking a statistical perspective. In statistical setting, a temporal window of length
W can be thought of as the typical time-scale of the dynamic �eld process. Statistically this amounts to the
assumption that the processrepeats itself after each such interval. Features basedon each interval of length
W can then be estimated. An empirical distribution of these features convergesto the probabilit y distribution
over the feature spaceunder suitable assumptions. Di�eren t testing procedurescan then be used to detect
abnormalities basedon the signi�cance of the observed featureswith respect to learned probabilit y distribution.
Although we have used maximum intensity value as a measureof signi�cance, other measuressuch as interval
testing basedon quantiles can also be readily implemented. Measuresbasedon quantiles may help in improving
robustnessto outliers.

4. IMPLEMENT ATION

We have implemented our behavior subtraction in two phases: training phaseand detection phase. As shown
below in Algorithm 1 pseudo-code, basedon a training video sequencebI , a pre-computed background image b
and two parameters (temporal window width W and threshold � ), the training phaseestimates the behavior
background image B . Sincethis procedure is very simple, training can be done in real time.

Algorithm 1 Training algorithm

Input: M -frame training video sequencebI , background image
b, temporal window width W , threshold �
Output: behavior background image B

Initialization
1: for j = 1 to M do
2: bL(~x; j � � )  j bI (~x; j � � ) � b(~x)j > �
3: end for
4: B (~x)  0

Training
5: for k = W to M do
6: B (~x)  M AX [B (~x);

P k
j = k � W +1

bL(~x; j � � )]
7: end for
8: return B



Then, as shown in Algorithm 2 pseudo-code, basedon the behavior background image B computed in the
training phase, an observed video sequenceI and two parameters (temporal window width W and threshold
�), the detection phaseestimatesthe observed behavior image v, subtracts B from v, applies non-linearity and
thresholds the result. Note that in both phases,the motion label �elds L(~x; t) and bL(~x; � ) are estimated by
meansof simple background subtraction. Speed and simplicit y are the reasonswhich motivated our choice for
such a changedetection approach. However, other approachesmay work equally well.

Although in the pseudo-code for both algorithms the initialization stagehasbeenseparatedfrom the training
and detection stages,in order to reducethe processingtime as well as the amount of memory usedthesestages
can be mergedtogether.

Algorithm 2 Detection algorithm
Input: behavior background image B , N -frame video se-
quenceI , temporal window width W and threshold �
Output: abnormality sequenceX

Initialization
1: for j = 1 to N do
2: L(~x; j � t)  jI (~x; j � t) � b(~x)j > �
3: end for

Detection
4: for k = W to N do
5: v(~x)  

P k
j = k � W +1 L(~x; j � t)

6: X (~x; k� t)  bv(~x) � B (~x)c0 > �
7: end for
8: return X

5. EXPERIMENT AL RESUL TS

We have tested the proposedbehavior subtraction on video sequencescaptured by a network of video cameras
(Information Systemsand SciencesVisual SensorNetwork) deployed on Boston University's CharlesRiver Cam-
pus. Numeroussequencesof varying lengths were �rst captured and stored on a local server, and then processed
o�-line by the proposedmethod.

The results shown in Figs. 3, 4, and 5 have beenobtained with approximately 2000training frames. In each
case,we used W = 100, � = 20, and � = 30. We computed the background image using a temporal median
�lter as follows: b(~x) = Med(bI (~x; � � ); bI (~x; 10� � ); bI (~x; 20� � ); :::; bI (~x; M � � )).

As is clear from Figs. 3 and 4, the proposedmethod is robust with respect to inaccuraciesin motion label
sequencesL(~x; t) and bL(~x; � ). Even if moving objects are not precisely detected in L(~x; t) and bL(~x; � ), the
resulting abnormality label �eld X is surprisingly precise. This is especially striking in Fig. 3 where a highly-
cluttered environment results in high density of motion labels while camera jitter (due to structural vibrations
of a building transferred to the camera) results in high false-detection rate. Despite these di�culties the �nal
result of abnormality detection is surprisingly accurate with very few false positives and misses. Although the
highway sequencefrom Fig. 4 has little clutter, false positives from motion detection have little impact on the
abnormality detection result.

Also, since motion label �elds are generic and capture all changes in a scene, they equally apply to all
moving objects, whether cars, birds or pedestrians. No models for di�eren t classesof objects are needed.This is
e�ectiv ely illustrated by examplefrom Fig. 4 wherea train and an unexpectedpedestrianhave beendetectedby
the samealgorithm. The generality of our approach is further evidencedin the examplefrom Fig. 5 which shows
water surfacewith waves. In this example, rocks are thrown into the pond inducing wavesand thus resulting in
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Figure 3. Behavior subtraction results for data captured by stationary , although vibrating, network PTZ camera on BU
campus. This is a highly-cluttered intersection of two streets with interstate highway passing underneath. Although the
jitter induces numerous false positives in dynamics �elds L and bL , only the tram way is detected; the rest of the scene
being is considered to have normal dynamics.

the detection of high motion activit y. The resulting motion label �elds capture both wind-induced waves and
rock-induced ones,however the behavior subtraction algorithm ignores the wind-induced waves present in the
training sequencewithout any explicit wave models.

This generic nature of the proposed approach is very appealing since it can be used in a wide range of
applications without signi�cant modi�cations. This is unlike many algorithms developed to-date that are tailored
to a speci�c task at hand.

6. CONCLUSIONS

We proposeda new surveillance method capable of abnormal behavior detection without explicitly estimating
object paths or otherwise modeling the events of interest. Although our method operates on motion labels
computed using either a motion or changedetection algorithm, it can be easily extendedto other �elds, such as
velocity, speed,direction, or acceleration�elds, 40 thus resulting in a richer data set.

Basedon a simple model of suspiciousbehavior (unusually high motion activit y), our method comparesan
observed sequenceof motion labels with a training sequenceof such labels that represents normal behavior.
This comparison involves dimensionality reduction of the training data by computing a behavior background
image, thus leading to low memory requirements and computational e�ciency . A di�eren t, although related,
dimensionality reduction is applied to the observed motion labels to produce an observed behavior image. A
simple di�erence between the two behavior imagesfollowed by non-linearity and thresholding producesrobust
and accurate abnormality labels.

The proposed behavior subtraction framework has numerous advantages. First, it is very simple and can
be easily implemented even by a relative novice in this �eld. As already mentioned, it is memory-e�cien t,
and computationally-inexpensive, as well as robust to motion detection errors, sceneclutter and camera jitter.
Finally, sinceour method is generic,it equally applies to all kinds of behavior including cars, pedestrians,trains,
and even waveson water.

In the future, we plan to adapt our method soit can solve three fundamental problems. First, the next version
of our method should allow camera networking, i.e., permit inter-camera collaboration to mutually reinforce
decision making. It is expected that using multiple cameras jointly will improve robustnessand reduce the
rate of falsepositives. Secondly, our method currently can processesvideo sequencescontaining a few thousand
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Figure 4. Behavior subtraction results for data captured by stationary , �xed-zo om network camera on BU campus. This
is an uncluttered stretch of interstate highway with fast-moving vehicles and fragment of overpass with slowly-moving
pedestrians. Although moving vehiclesare properly captured by dynamics �elds L and bL , only abnormalities are detected
by the detection phase (train and pedestrian)

.

frames. In order to be useful in practice our behavior subtraction should be capableof analyzing streaming video,
i.e., hours, days, weeksof video. In this scenario,the background behavior image needsto adapt to background
activit y changesand perhaps be implemented over a hierarchy of resolutions. Finally, we wish to adapt our
method to sequencescontaining unpredictable behaviors such as birds 
ying in the sky or trees shaken by a
strong chaotic wind. To do so, the B and v imageswill have to be modi�ed into more global representations of
the scene.Such representations still needto be de�ned.
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