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ABSTRA CT

Unmanned aerial vehicleswith high quality video camerasare able to provide videos from 50,000feet up that
show a surprising amount of detail on the ground. Thesevideos are di cult to analyze, becausethe airplane
moves, the camerazoomsin and out and vibrates, and the moving objects of interest can be in the scene,out
of the scene,or partly occluded. Recognizingboth the moving and static objects is important in order to nd
events of interest to human analysts. In this paper, we describe our approac to object and event recognition
using multiple stagesof classi cation.
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1. INTR ODUCTION

Unmanned aerial vehicles (UAVs) are able to provide large amourts of video data over terrain of interest to
defenseand intelligence agencies. These agenciesare looking for signi cant events that may be of importance
for their missions. However, most of this footage will be eventless and therefore of no interest to the analysts
responsible for cheding it. If a computer system could scanthe videosfor potential events of interest, it would
greatly lessenthe work of the analyst, allowing them to focus on the everts of possibleimportance.

Seweral di erent processesre neededfor the computer analysis of aerial videos. First, the static objects in
the video framesmust be recognizedto determine the context of the events. Static objects might include forests,
elds, roads, runways, and buildings, among others. Next the moving objects in the video must be detected,
tracked, and identi ed. Moving objects include vehicles(cars, trucks, tanks, and buses)and people. Given the
static objects and moving objects in a set of frames, events are de ned by the actions of the moving objects and
their interactions with the static objects. For example,two carsmight pull o aroad and stop togetherin a eld.
People might get out of the cars and approach ead other for a meeting. A caravan of trucks might travel in
onedirection on a dirt road for a period of time and then make a U-turn and proceedin the opposite direction.
A vehicle might pull up to a building and disappear into an underground garageor tunnel, then reappear some
time later. In all of these cases,both the moving objects and the static objects must be recognizedand their
interactions noted.

We are dewveloping a systemfor object and event recognition for this purpose. In this paper we describe the
structure of our systemand give brief overviews of the underlying algorithms.

2. SYSTEM OVER VIEW

In order to recognizeewvernts in a video, the moving objects acrossa sequenceof frames and the static objects
in eadh of these frames must be detected and recognized. Then using these moving and static objects as
primitiv es, simple everts can be de ned in terms of the relationships among the moving objects and between
the moving objects and the static ones. Finally, more complex everts can be de ned as sequenceof simple
events. For example, simple events such as a vehicle appearing on a road, moving forward for a short distance,
and disappearing behind a tree would lead to a complex evert asshown in the rst row of Figure 1. Three other
complex everts (a corvoy of cars making a U-turn, a car overtaking another car, and a truck making a turn and
passingby a line of carsin the opposite direction) are also shown in Figure 1.
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Figure 1. Examples of events. (Row 1) Vehicle disappears behind a tree, (Row 2) Cars making a Uturn, (Row 3) Car
overtaking another car, (Row 4) Truck makesa turn and passesby cars moving in the opposite direction.



Figure 2 shaws the architecture of our system. The systemreceivesa video sequenceasits input. The static
feature extraction module will extract region featuressuc ascolor regions,texture regionsand structure regions
from the static objects in the video, while the dynamic feature extraction module will extract featuresfrom the
objects that are moving in the video. The object recognition module will use the features extracted by both
the static and dynamic feature extraction modulesto label the objects in the frames, while the object tracking
module will track the objects that are moving from frame to frame. Relationships between objects over time
such as relative position between objects within a frame will be computed by the object relationship extraction
module. The results of all three modules: object recognition, object tracking and object relationship extraction
will be used by the event recognition module to recognizethe events happening in the video and output the
results.
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Figure 2. The architecture of our event recognition system.

3. STATIC OBJECT CLASS RECOGNITION
3.1. Abstract region features

Our methodology for object recognition has three main parts:

1. Selecta set of featuresthat have multiple attributes for recognition and designa uni ed represeration for
them.

2. Develop methods for encading complex featuresinto feature vectors that can be usedby general-purpose
classi ers.

3. Designa learning procedurefor automating the developmern of classi ers for new objects.

The unied represenation we have designedis called the abstract region represenation. The idea is that all
featureswill be regions,ead with its own set of attributes, but with a commonrepresenation. The regionswe
are using in our work are color regions, texture regionsand structure regionsde ned as follows.

Color regionsare produced by a two-step procedure. The rst stepis color clustering using a variant of the
K-means algorithm on the original color imagesrepreserted in the CIELab color space! The secondstep is an
iterativ e merging procedurethat mergesmultiple tiny regionsinto larger ones. Figure 3 illustrates this processon
a football imagein which the K-means algorithm produced hundreds of tiny regionsfor the multi-colored crowd,
and the merging processmergedthem into a singleregion. Our texture regionscomefrom a color-guidedtexture
segmetation process.Color segmetation is rst performed using the K-meansalgorithm. Next, pairs of regions
are merged if after a dilation they overlap by more than 50%. Each of the merged region is segmered using
the sameclustering algorithm on the Gabor texture coe cien ts. Figure 4 illustrates the texture segmemation
process.

The featureswe usefor recognizingman-madestructures are called structure featuresand are obtained using
the conceptof a consistent line cluster.? Thesefeaturesare obtained as follows:
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Figure 3. lllustration of merging of tiny color regions.
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Figure 4. The texture segmertation is color-guided: it is performed on regions of the initial color segmenation.

1. Apply the Canny edgedetector® and ORT line detector* to extract line segmes from the image.

2. For eath line segmen, compute its orientation and its color pairs (pairs of colors for which the rst is on
one side and the secondon the other side of the line segmen).

3. Cluster the line segmeits accordingto their color pairs, to obtain a set of color-consistert line clusters.

4. Within the color-consisten clusters, cluster the line segmeits according to their orientations to obtain a
set of color-consisten orientation-consistent line clusters.

5. Within the orientation-consistent clusters, cluster the line segmeits according to their positions in the
imageto obtain a nal setof consistert line clusters.

Figure 5 illustrates the abstract regionsfor seweral represenativ eimages. The rst imageis of a large campus
building at the University of Washington. Regionssucd as the sky, the concrete, and the large brick section of
the building show up as large homogeneougegionsin both color segmemation and texture segmetation. The
windowed part of the building breaks up into many regionsfor both the color and the texture segmetations,
but it becomesa single region in the structure image. The structure- nder also captures a small amourt of
structure at the left side of the image. The secondimage of a park is segmened into se\eral large regionsin
both color and texture. The greentrees mergeinto the green grasson the right side in the color image, but
the texture image separatesthem. No structure wasfound. In the last image of a sailboat, both the color and
texture segmetiations provide someuseful regionsthat will help to identify the sky, water, trees and sailboat.
The sailboat is captured in the structure region. It is clear that no onefeature type aloneis su cien t to identify
the objects.

In our framework for object and concept classrecognition, ead image is represeried by sets of abstract
regionsand ead setis related to a particular feature type. To learn the properties of a speci ¢ object, we must
know which abstract regionscorrespond to it. Once we have the abstract regionsfrom an object, we extract the
common characteristics of those regions as the model of that object. Then given a new region, we can compare
it to the object models in our databaseto decide to which it belongs. We designedthe algorithm to learn
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Figure 5. The abstract regionsconstructed from a set of represertativ e imagesusing color clustering, color-guided texture
clustering and consistert-line segmern clustering.

correspondencesbetween regions and objects in the training imagesto require only the list of objects in ead
training image. With such a solution, not only is the burden of constructing the training data largely relieved,
the principle of keepingthe systemopen to new image featuresis upheld.

3.2. EM-V ariant Approac h to Object Classication

Our object recognition methodology useswhole imagesof abstract regions, rather than single regions for clas-
si cation. A key part of our approad is that we do not needto know where in eac image the objects lie. We
only utilize the fact that objects exist in an image, not where they are located. We have designedan EM-lik e
procedurethat learns multiv ariate Gaussianmodels for object classesasedon the attributes of abstract regions
from multiple segmemations of color photographic images®

The objective of this algorithm is to produce a probability distribution for ead of the object classesbeing
learned. It usesthe label information from training imagesto supervise EM-lik e iterations. In the initialization
phase of the EM-variant approac, ead object is modeled as a Gaussiancomponert, and the weight of eac
componert is set to the frequency of the corresponding object classin the training set. Each object model is
initialized using the feature vectorsof all the regionsin all the training imagesthat cortain the particular object,
even though there may be regionsin those imagesthat do not contribute to that object. From these initial
estimates, which are full of errors, the procedure iterativ ely re-estimatesthe parametersto be learned. The
iteration procedureis also supervisedby the label information, sothat a feature vector only cortributes to those
Gaussiancomponerts represeting objects presert in its training image. The resultant componerts represer the
learned object classesand one badkground classthat accurrulates the information from feature vectors of other
objects or noise. With the Gaussiancomponerts, the probability that an object classappearsin a test image
can be computed. The EM-variant algorithm is trained on a set of training images, ead of which is labeled
by the set of objects it contains. For ead test image, it computesthe probability of ead of the object classes
appearing in that image. Figure 6 shavs somesample classi cations using abstract regionswith both color and
texture properties.
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Figure 6. Classication results for grass and tree using the EM-variant approach with regions having both color and
texture attributes.

3.3. Generativ e/Discriminativ. e Approac h to Ob ject Classication
Our two-phasegenerative/discriminativ e learning approac addresseghree goals’:

1. We want to handle object classeswith more variance in appearance.
2. We want to be able to handle multiple featuresin a completely generalway.

3. We wish to investigate the use of a discriminativ e classi er to add more power.

Phase1l, the generative phase,is a clustering step that can be implemented with the classicalEM algorithm
(unsupervised) or the EM variant (partially supervised). The clustersare represerted by a multiv ariate Gaussian
mixture model and eadh Gaussiancomponert represers a cluster of feature vectorsthat arelikely to be found in
the imagescontaining a particular object class. Phasel alsoincludes an aggregationstep that hasthe e ect of
normalizing the description length of imagesthat can have an arbitrary number of regions. The aggregationstep
producesa xed-length feature vector for ead training imagewhoseelemeris represen that image'scontribution
to eadh Gaussiancomponert of eat feature type.

Phase 2, the discriminativ e phase,is a classi cation step that usesthe feature vectors of Phasel to train a
classi er to determine the probability that a givenimage corntains a particular object class. It alsogeneralizeso
any number of di erent feature typesin a seamlesamanner, making it both simple and powerful. We currently
useneural net classi ers (multi-la yer perceptions) in Phase?2.

The two-phasegenerative/discriminativ e approad has se\eral advantages. It is able to combine any number
of di erent feature typeswithout any modeling assumptions. Regionsfrom di erent segmeiations do not have
to align or to correspond in any way. Segmenations that produce a sparseset of features, such as our structure
features, can be handled in exactly the samemanner asthose whosefeature cover the ertire image. This method
can learn object classeswhose menbers have seweral di erent appearances,sud as trees or grass. It can also
learn high-level conceptsor complex objects composedof seweral simpler objects, suc asfootball stadium, which
has greenturf, a structural pattern of white lines, and red track around it. Figure 7 shaovs sampleclassi cations
using color, texture, and structure featuresin the generative/discriminativ e approach.



forest(94.37), house(64.09) , run way(99.98), eld(98.66) |,

car(46.5), dirt road(23.44), paved car(96.24), people(10.04),airplane(2.74),
road(4.77) tree(2.29), airplane(1.47), paved road(2.39), forest(0.82), house(0.48),
runway(0.03), eld(0.02), people(0) dirt road(0.41), tree(0)
run way(100), car(99.23), eld(98.07) , run way(99.98), car(99.84) eld(99.27) ,
dirt road(92.1), house(85.24),tree(19.43), paved road(18.28), people(13.13),tree(8.71),
paved road(5.77), airplane(3.56), forest(2.85), airplane(7.94), forest(1.67), house(0.14),
people(0.07) dirt road (0.08)
car(94.3), dirt road(91.7), eld(16.17), car(97.92), forest(94.2), paved road(85),
tree(14.23), paved road(5.34), airplane(5.17), dirt road (72.94) , tree(68.84), airplane(39.13),
people(3.91),forest(0.53), house(0.47), house(33.17), people(12.97), eld(2.38),
runway (0.41) runway (0.04)

Figure 7. Sample classi cation using the generative/discriminativ e approach. The boldface labels are true labels
(groundtruth) of the images.

3.4. Localization

Since the probabilities computed by the system are based on abstract regions, we can analyze the learning
procedure to determine which regions are most important in the decision-making process. The localization
procedure assumesthat those regions that contribute most to the decision of whether an object has a high
probability of being in an image are most likely to contain that object. The procedure usesthe output of the
multi-la yer perceptron of Phase 2 to seethe contribution of the regions. The input to the perceptron is the
concatenation of the feature vectors for all feature types. The cortribution of a particular region is calculated
by looking at the di erence in the likelihood if that particular region is included in the feature vector input to
the perceptron and if it is not included. The di erence betweenthe outputs of the multi-la yer perceptron with
the two di erent inputs represents the contribution of the particular region to the perceptron output through
a particular componert type. For the implemenrtation, the algorithm actually works at the pixel level. The
algorithm calculatesthe cortribution of a pixel to the multi-la yer perceptron output through all the componerts
of all the feature types. At the end, ead pixel is nally labeled with the object of highest likelihood. Figure 8
shows some sample results from the localization phase. In the result images, the intensities represen the
probability of occurrenceof the indicated object; the lighter the intensity, the more probable is the object.
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Figure 8. Sample results from the localization phase.

4. TRA CKING MO VING OBJECTS IN AERIAL VIDEOS

Videos created by UAVs tend to have challenging conditions for video analysis systems. The problem with these
videos is that they are generally not well focused and have substartial noise. In addition both external and
internal cameraparametersare constartly changing due to the UAV's ego-motion and the frequert and abrupt
changesin pan, tilt, rotation, and zoom of the cameratriggered by the remote camera operator. Becauseof
these di cult conditions and the frequert illumination changes,which are inevitable in real outdoor videos,
convertional optical ow detectors, which are designedwith the assumption of constart illumination and high
signal-to-noiseratio, do not work well.

Our object tracking system is based on the medanism of multi-scale local feature correspondence. We
convolve eadh candidate circular region certered at a pixel with a Gaussian lter at four dierent scalesof
radius from 2 to 6 pixels. For ead scale, directional information is collected by computing piecewiseRGB
di erences along eadh of the eight equally spacedradials coming from the certer. The feature correspondence
is decidedbasedon a similarity function, which takesthe multi-scale and directional information asargumerts.
The function is designedto be robust against minor illumination changesby using both the absolute RGB values
and the normalized RGB valuesrelative to the averageRGB in the adjacert region. Points with low di erence
featuresare ignored, sincethey are likely to be in a homogeneougegion.

Initially the points for cheding correspondenceare setto the cornerpoints of eact 8 x 8 grid square. The frame
distance betweentwo frames of video to be comparedfor nding correspondencesof feature points is initially
setto 3. In the caseof detecting too little motion (i.e. too little overall displacemen between corresponding
features) for more than a certain number of consecutive frame pairs, the frame distance automatically increases
gradually up to 10. This is necessarysincetoo little displacemerts tend to generatespurious directional vectors
due to the granularity of digitization.

In the next stagedetection of moving objects is done by comparing the displacemen vectorsfor eact feature
points. If the ego-motionof the cameraand UAV are translation only, the detection of the moving objects can be
done simply by nding irregular ows. However, in the real situation where pan, tilt, rotation, and zooming can
take place, we needto take special stepsto distinguish moving objects from stationary ones. Our system does
this by taking advantage of the fact that in any a ne or perspective transformation, the amount of displacemen
is similar between stationary objects of closevicinity. The system chedks ead small region for an abnormal
amount of displacemen, which indicates a moving object.



Oncea moving object regionis located, its local properties (color, variance of color, dominant gradierts, size,
location) are recordedfor tracking. Once a target for tracking is set, the candidate points for chedking feature
correspondenceare increasedin and around the region of the target. Tracking is performed using the recorded
properties of the target region as well as the displacemen vectors between feature points in and around the
target region.

Overall, the multi-scale feature of our designmakesit robust against noiseand frequert changesin the camera
parameters. The useof both relative and absolute colors makesit robust against minor illumination changes.

5. EVENT RECOGNITION

In order to recognizean evert in a video, one rst hasto de ne what that event is. Consider rst the caseof a
car passinganother car on a road. This is a relatively easyconceptfor us as humansto recognize. However, to
teach a computer to recognizethe evert, it needsto be broken down into the relationships betweenthe objects
at various points in time. The Video Event Represetation Language(VERL) is a formal technique for de ning
everts.” The objective of VERL is to de ne an evert in terms of the objects involved, and their relationships
with ead other over time. A VERL de nition for the passingevent above might look as follows:

PROCESassing-same-d ire ction (vehicle x, vehicle ),
SEQUENCE(
behind(vehicle x, vehicle ),
behind(vehicle vy, vehicle x)))

This is a relative simplistic de nition. First, it ignoresthat the carsare on a road, and can therefore be usedfor
two vehiclescrossinga desert. It also labels the objects involved as vehicles,and thus would apply to trucks as
well as cars. Therefore, this de nition might have wider applicability to generalsituations than a more narrow
de nition restricted to carson a road. The de nition also makesno distinction betweenwhether both cars are
moving or one s standing still. Depending on the recognition objective, more or lessconstraints can be added
to the de nition. The de nition indicates what parameters needto be measuredfrom the video. First it is
necessanto recognizethe vehicles(cars). Next, the spatial relationship betweenthe carsneedsto be recognized
(behind). The relationship “behind' implies knowledge of the orientation of the vehicles, and is a primitiv e
elemen that needsto be measureddirectly from the video sequencsdtself. In many UAV video sequencesit is
not possibleto determine the front from the bad of a car due to the size of the vehicle in the image or blur
or other factors. Another measuremen of the spatial relationship is to use the vehicles' direction of motion
as a measureof orientation. This assumesthat the vehicle is nominally moving in the forward direction (high
probability of being correct). De ning even simple events can be a di cult task depending on the speci c set of
constraints that are of interest for a particular event to be recognized.

Higher-level events can be de ned in terms of lower-level everts. Consider the caseof a car crossing an
intersection. This is only slightly more complicated than the passingevert, but illustrates the use of simple
everts to construct more complex evens.

PROCESS(cross-irter secti on(ve hicl e x, intersection ),
AND(
E1:SEQUENCE(
E2:enter(x, intersection ),
E3:exit(x, intersection y))
EQUIV(
velocity(x, direction,  at-time(E2)),
velocity(x, direction+/- tol, at-time(E3)))
less-than(durati  on(E1, threshold)))

This event makes use of the sub-ewents “erter' and “exit. These events are in turn de ned in terms of the
change in relationship between the vehicle and the intersection. In the sub-ewert “erter', the vehicle is rst



“outside' of the intersection, and then “inside’ the intersection. More complex everts can be de ned using simple
events, which leads to a hierarchical structure for evert recognition. The evernt recognition scheme is based
on two componerts, primitiv e relationship recognition followed by event recognition. The primitiv e recognition
componert recognizesspatial and temporal relationships betweenobjects. Examplesof the primitiv erelationships
are: ‘moving', “ahead', ‘behind', ‘left', ‘right', ‘inside-of, etc. These relationship primitiv es are determined
directly from the video data and the parameters of the recognizedobjects. A very important componert of
the relationship recognition is a measureof the likelihood of the relationship, which is also output with the
relationship description. The output of the relationship recognition componert is an XML description of the
relationship and the objects that are involved in the relationship. This is then used as input by the evert
recognition module.

The event recognition module usesBayesiannetworks to accourt for uncertainty in the recognition of objects
and relationships, and also the uncertainty in the recognition of lower level sub-ewents. A Bayesian network
is de ned for every event that is to be recognizedbasedon the VERL de nition of that event. Inputs to the
Bayesian network are the relationships between the objects, the parameters of the objects, e.g. direction, and
the likelihoods assaiated with the objects and the relationships. For higher-level evert networks, the inputs also
include the state of lower-level events. In most casesthe desiredoutput hastwo states; either the evert occurred
or it did not with somelikelihood. In somecases,the event recognition output can have more than just the
two states. As a result the output accommalates multi-state outputs, and the assaiated probabilities for eath
output state. Recognizingthat the output state of an evert can be usedasthe input to a higher-level evert, the
input to the Bayesiannetwork is also capable of dealing with multi-state inputs. This also appliesto the inputs
from the relationship recognition componert.

One of our goals has beento reducethe amount of processingat ead level of the architecture. Relatively
large amourts of processingare required for ead frame to recognizethe objects and their parameters. The
relationship processingdealsonly with the objects that are recognized,but still hasto be done for ead frame.
However, the event recognition only needsto be done when there is a changein the relationships. The state of
ead relationship is stored and an event is processedonly when the relationship changes.

Samplevideo data can be usedto train the network and develop the conditional probabilities when there are
su cien t amounts of video data represening the evernts of interest. Howevwer, it is the unusual events that are
often of most interest, and by de nition, there will probably not be much video data represening unusual evens.
Bayesian networks are also sometimescalled belief networks. This represerns another approac to de ning the
networks and the conditional probabilities. An analyst can develop the networks basedon the evernt de nition
and assignthe conditional probabilities basedon his experienceand beliefs about the system. Therefore large
amournts of video data are not necessaryto build an initial capability.

Both the relationship processingand the event processinghave beentestedwith somesynthetic video data. As
the object recognition capability is not yet complete, synthetic data wascreatedto represen the video scenarios.
The synthetic data is an XML list of the objects and parametersthat are expectedto be output by the object
recognition and tracking processingmodules for the particular scenarios. This list of the objects was input to
the relationship processingmodule, which then appendedthe relationships that were recognizedfor eat frame
of the synthetic video. This output from the relationship processingmodule was then usedas an input to the
event processingmodule.

6. CONCLUSIONS

This paper preserts an approach to object and event recognition using multiple stagesof classi cation for aerial
surveillance videos. The systemusesa uniform feature represenation called abstract regions. We described two
di erent object recognition approach: EM-Variant and Generative/Discriminativ e approach. The EM-Variant
approach learns the multiv ariant Gaussian models for the object classesbasedon the abstract regions. The
Generative/Discriminativ e approach is divided into two phases: the generative phase, which normalizes the
description length of images, and the discriminativ e phase, which learns what images, as represened by the
xed-length description, contain the target object. The location of the target objects in the imagesis then
obtained by the localization stage. The location of the objects and the relationship between objects in ead
frame provide information for event recognition in the full video.
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