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AbstractThe dete
tion of moving targets in airborne surveillan
e imagery has a fundamental role in groundpi
ture 
ompilation in both the military and anti-terrorism domains. As the number of unmanned airvehi
les (UAV's) in
reases, Imagery Analysts will be
ome a s
ar
e resour
e and 
omputer aids willbe
ome essential, espe
ially in a
tive, urban regions where o

lusions are high and UAV's will ne
essarilyoperate in groups. This paper outlines some of the novel fun
tionality of the Analysts' Dete
tionSupport System, a 
exible pro
essing engine developed to assist the Imagery Analyst to dete
t targetsin all-sour
e imagery. It provides the means of stru
turing a hierar
hy of algorithms that, when appliedto the data, makes progressively re�ned de
isions on the lo
ations of targets. We present infrastru
turaldevelopments that fa
ilitate real-time pro
essing of streaming video, together with an outline of someof the algorithms that have been in
orporated to support urban surveillan
e from airborne platforms,prin
ipally the dete
tion of moving obje
ts. We examine the potential for transitioning ba
kgroundmodelling based te
hniques normally used in the ground-based surveillan
e domain into the airbornedomain, and dis
uss the performan
e requirements this pla
es on image registration algorithms whi
hmust align large numbers of frames prior to the 
onstru
tion of a ba
kground model. We propose theextention of our feature based registration te
hnique to eliminate these undesirable o�-ground-planemat
hes.
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1 IntroductionAirborne video surveillan
e by unmanned vehi
lesis be
oming in
reasingly 
ommon as a means ofimproving situational awareness. As air
raft andtheir asso
iated sensor and datalink te
hnologiesbe
ome 
heaper, they will be
ome deployed moreand more in 
o-operative groups, providing neartotal ground 
overage in diÆ
ult terrains, parti
-ularly urban ones where ground 
overage is highlyvalued but diÆ
ult to a
hieve due to o

lusion frombuildings.In 
ommon with other re
onnaissan
e platforms,su
h as fast jets, the imagery \deluge" will be
ometoo great for Imagery Analysts (IA's) to handlewithout 
ueing aids. Generally speaking, theseaids will take the form of moving target dete
torsand tra
kers, but, in the longer term, one wouldexpe
t to automate the re
ognition of 
hara
ter-isti
 behavioural traits. However, the �rst stageis to develop dete
tors that are robust to the pro-je
tive impa
t of 3-D stru
tures in the s
ene, andin some sense this implies automating the align-ment of 
orresponding ground features a
ross twoor more frames. This alignment pro
ess 
an be dis-turbed by the 
omparitively gross relative dispar-ities between elevated features, as well as 
hangesin o

lusion.

Partitioning the motion of moving targets fromthe more 
oherent motion of the s
ene is adiÆ
ult problem. In our experien
e, it is normallyaddressed by dete
ting anomalies in a frame-to-frame di�eren
e image or opti
-
ow �eld [1℄.These approa
hes are a

ommodated within our\Analysts' Dete
tion Support System" (ADSS),however, here we examine the potential fortransitioning ba
kground modelling based movingtarget dete
tion te
hniques normally used inthe ground-based surveillan
e domain into theairborne domain with a moving platform. Wewill dis
uss the performan
e requirements thispla
es on image registration algorithms (a regionbased and a novel feature based approa
h) whi
hmust align large numbers of frames prior tothe 
onstru
tion of a ba
kground model. Thesealgorithms have also be
ome 
omponents of theADSS, a 
exible pro
essing engine developed toassist the imagery analyst to dete
t targets in all-sour
e surveillan
e imagery. It provides the meansof stru
turing a hierar
hy of algorithms whi
h,when applied to the data, makes progressivelyre�ned de
isions on the lo
ations of targets.The ADSS was originally developed to assistin the exploitation of syntheti
 aperture radar(SAR) imagery [2℄, but we will brie
y dis
ussthe infrastru
ture developments whi
h fa
ilitate



e�e
tive pro
essing of streaming video data,together with a des
ription of the algorithmsthat have been in
orporated to support urbansurveillan
e from airborne platforms. These fo
uson the dete
tion of moving obje
ts.
2 System InfrastructureThe ADSS has been developed to assist Image An-alysts to dete
t targets in large volumes of imagery[2, 3℄. It 
onsists of a set of image pro
essingmodules that 
an be sele
ted and 
on�gured tosolve a parti
ular task. A simple set of proto
olsallows 
ommuni
ation between modules. New im-age pro
essing algorithms 
an be developed and/orintegrated into ADSS easily, and this fa
ilitatessystem growth and evolution, and also a
ts as anenabler for resear
h 
ollaboration.ADSS 
lassi�es its algorithms as: pres
reening (de-te
tion), dis
rimination (re
ognition) and supportmodules, and these are re
e
ted in their respe
tiveinterfa
es. The dete
tors extra
t a set of targetpositions in the supplied imagery. These are passedto subsequent modules that endeavour to eliminatethe false alarms through the use of attribute based�lters and 
lassi�ers. As well as dete
tion and 
las-si�
ation modules there are various support mod-ules, su
h as image registration, restoration andsegmentation algorithms, for pre-pro
essing of theimagery, and a plotter module that allows targetpositions to be overlaid onto the supplied imagery.ADSS also has various an
illary 
apabilities in-
luding automati
 training (parameter setting) byoptimising performan
e based on a set of labelledtarget examples, and the ability to 
arry out adetailed statisti
al analysis of results when tested.Central to its design is the 
on
ept of a growthdimension. In video streams this is the frame di-mension of the video, designated by a frame index.In the usual 
ase of a 
onstant frame rate, theframe index and time 
odes have a simple rela-tionship and are isomorphi
. In ADSS the growthdimension 
an be assigned to be any one of thedimensions of the data volume (the streaming data
an have an arbitrary number of dimensions thatare named when the algorithm pipeline is instan-tiated, e.g. x, y, level, layer, frame, et
., and thedata volume need not be a re
tangular prism. Thisallows it to 
ater for multi-resolution datasets andmultiple sensors on di�erent 
oordinate systems).The growth dimension has an index that is used toindi
ate the available data at the input to ADSS| it denotes the number of frames 
olle
ted inthe video 
ase. Ea
h algorithm in the pipelinereports the amount of the available imagery it has
ompleted at ea
h pro
essing blo
k, and these mes-sages are used by the infrastru
ture to ensure that

the ne
essary input to an algorithm or module ismet before it 
ommen
es pro
essing a parti
ularblo
k. This blo
k approa
h also ensures that thelaten
y through the system is kept to a minimum| downstream modules do not have to wait forupstream modules to �nish with all the input databefore they 
ommen
e. This is of 
ourse essentialfor an operational system.Probably the most important aspe
t of the ADSSar
hite
ture is its algorithm s
heduling / syn
hro-nisation 
apability, whi
h is superior to the alterna-tive systems in its relatively un
onstrained s
hedul-ing of parallel tasks. This is essential if the systemis to adopt the multi-sensor/multi-algorithm ap-proa
h that we intend. In parti
ular, it means thattime 
onsuming pro
essing routes with a high pay-o� but low likelihood of su

ess 
ould be exploredwithout disturbing the system as a whole.The design also supports real-time operation onsuÆ
iently 
apable 
omputer hardware. The sys-tem design models the hierar
hy of image pro
ess-ing algorithms as a graph of pro
esses 
onne
tedby pipes, with ea
h algorithm represented by apro
ess having a single input and a single output;ea
h of these is referred to as a module. Messagesare de�ned that are passed to modules and gen-erated by them as part of their pro
essing; the
ow of messages denotes the progress of the im-age pro
essing system. The pro
esses are simplyUnix/Linux pro
esses with the messages 
owingon the standard input and output streams. Thesystem supports parallel pro
essing and 
lusteringa
ross a 
omputer network.
3 Motion DetectionObje
t motion in a frame is assumed to mani-fest itself as statisti
al di�eren
es between it and aba
kground model. This approa
h was 
hosen be-
ause, in ground-based appli
ations, it has shownitself to be robust to sensor noise, it usually yields
omplete, high quality obje
t segmentations, andit provides persistent target dete
tion should thenewly introdu
ed obje
t stop moving momentar-ily. We 
onsider the major disadvantages of ba
k-ground modelling to be: the 
onstraints on 
ameramotion that it imposes and it's heavy 
omputa-tional overhead, parti
ularly during the bootstrapphase. However, we intend to show that the formeris be
oming less signi�
ant given the ability forUAV's to loiter for many hours at a time, as well asre
ent improvements in the performan
e of imageregistration algorithms. Computational load is notas serious a 
on
ern to us as it might otherwisebe due to the ability of ADSS to invoke parallelpro
essors dynami
ally during exe
ution.



3.1 Selection of a temporal windowImage registration is the pro
ess of overlaying twoor more images of the same s
ene taken at di�erenttimes, from di�erent viewpoints or from di�erentsensors [4℄. In order to 
onstru
t a ba
kgroundmodel, the sequen
e of frames is registered to a sin-gle frame of referen
e, typi
ally the middle framein the sequen
e, to form a sta
k. The aim is toremove the apparent motion in the s
ene 
aused by
amera movement, so that the residual motion inthe s
ene 
aused by moving targets 
an be readilyidenti�ed.When 
onstru
ting a ba
kground model froma sequen
e of video frames, the sele
tion ofan appropriate temporal window and samplingfrequen
y is 
ru
ial. For a stati
 
amera, this isnot su
h as issue: suÆ
ient frames are requiredto build a statisti
ally 
on�dent model but not somany that the model la
ks the ability to 
apturegradual variation in the s
ene, su
h as mightresult from sun pre
ession. Therefore, the modelshould have a bootstrap phase followed by anadaptive phase, or must have a series of bootstrapphases of 
onstrained duration. When the 
amerais moving, the length of the temporal window isalso restri
ted by the following 
onsiderations:(i) Frames within the window should overlap bya signi�
ant degree (i.e. the ba
kground modelshould be 
onstru
ted from frames that overlap inorder to be robust).(ii) The error indu
ed by the 
hange in viewinggeometry as the 
amera moves through the s
eneshould be a

eptable. This di�eren
e in viewinggeometry generally in
reases with in
reasing baseline between 
amera positions, and 
annot beentirely removed by a registration pro
ess based ona parametri
 registration model (su
h as a globalaÆne or proje
tive transform). An illustration isshown in Figure 1
 whi
h shows residual stru
turefollowing subtra
tion of registered frames.(iii) The length of the window should be largeenough to ex
lude from the model the undesired
ontribution made by moving targets in the s
ene.Note, these 
onsiderations relate dire
tly tothe speed of the sensor, its proximity to the s
eneand the size and speed of the targets in the s
ene.A suitable 
hoi
e for temporal window lengthis therefore dependent on the type of imageryat hand. In our experiments using standardde�nition video (at 24 frames per se
ond) todete
t vehi
les of around 10 pixels in length, awindow of 100 frames often yields an a

eptableba
kground model while minimising the e�e
ts ofviewing geometry errors.Given the notion of a temporal window of limitedextent, our approa
h is to break the video sequen
e

into blo
ks of N frames, where N is the length ofthe temporal window. MTI is 
arried out in ea
hblo
k separately, that is, the N frames in the blo
kare registered to the 
entral frame; a ba
kgroundmodel is formed from the sta
k of N registeredframes; and ea
h frame f is 
ompared in turn withthe ba
kground model to identify image regionsthat have 
hanged (that is, moved).
3.2 Image RegistrationThe favoured registration algorithms are thehierar
hi
al, region based (or more pre
isely imagebased) 
orrelation te
hnique des
ribed by Privettand Kent [5℄, and more so, the feature-basedmat
hing te
hnique des
ribed below [6℄. Inboth 
ases, the image-to-image transformation ismodelled with a 
omplexity up to proje
tive.
3.2.1 Feature-based approachOur feature based method of registration uses afeature tra
king algorithm of Kanade, Lu
as andTomasi [5℄, known as \KLT", whi
h has shown
onsiderable robustness over a wide range of videoimagery. It is a mature feature tra
king methodthat is well established in the vision 
ommunityfor tra
king features in video sequen
es for thepurpose of determining stru
ture from motion [6℄.In the KLT algorithm, small features su
h as 
ornerpoints are extra
ted and tra
ked based on a mea-sure of \
orneredness", derived from the eigenval-ues of the auto
orrelation of the image intensitieswithin a window and the use of a dissimilarity mea-sure to determine the aÆne transformation. Forour purposes, the tra
ked features are simply usedas 
ontrol points to whi
h a frame-to-frame para-metri
 registration model is �tted (either aÆneor proje
tive) and used to warp ea
h frame to a
ommon frame of referen
e.Removal of 3D artefa
tsShown in Fig.1a is a frame from a segment of air-borne HDTV video surveillan
e (a 445�280 subsetof the full 1280� 720 frame is shown for 
larity).We tra
ked 1000 feature points through the se-quen
e and the feature results for this frame areshown overlayed in bla
k and white in Fig.1b. Thefeatures 
orrespond to areas of the image with ahigh degree of \
orneredness", in
luding 
ornersand windows on buildings, moving obje
ts su
h as
ars, and textured regions on the ground. For thepurposes of image registration however, it is prefer-able to ommit all but the features on the groundlevel when 
onstru
ting the registration model.To begin with, we remove non stati
 features byapplying a RANSAC algorithm [6, 7℄ whi
h is de-signed to �t models to data in the presen
e ofa signi�
ant number of outliers, using a random



sampling and 
onsensus pro
ess. In Fig.1b, outliersare shown in bla
k and these generally 
orrespondto moving targets in the s
ene (though not always;they 
an also 
orrespond to unreliable features thatdo not tra
k well). The next step is to removepoints that are higher than the ground plane andto this end we are 
urrently exploring te
hniquesused in determining shape from motion [6℄. Givena suitable number of tra
ked features and suÆ-
ient knowledge of the 
amera position and at-titude through the sequen
e (in our 
olle
tions,highly a

urate metadata has been re
orded duringaquisition), it should then be possible to re
on-stru
t the 3D positions of the tra
ked points. Itis then a simple matter to �lter these positions toextra
t only those features that are lying in theground plane. We are in the pro
ess of implement-ing this approa
h.
3.3 Registration performance.Moving target dete
tion in video imagery usuallyoperates on two frames separated by a shorttime interval, during whi
h the 
amera motion isrelatively un
ompli
ated; an aÆne transformationmodel is usually more than suÆ
ient. Indeedthere are strong arguments in favour of keepingthe degrees of freedom low to prevent over�tting,parti
ularly if the s
ene 
ontains unevenlydistributed 3-D stru
ture.Ba
kground modelling requires frames to beregistered whi
h are separated by longer timeintervals during whi
h time the potential exists formore 
omplex platform and 
amera manoeuvresto have taken pla
e. This presents severalproblems. Firstly the frame to frame mappingsmay need to be more 
omplex i.e. proje
tive.These additional degrees of freedom o�er thepotential for over�tting or for misregistrationby 
onvergen
e to a lo
al minima. In a similarvein, the range of durations between pairs offrames means that, in the 
ase of the region-basedapproa
h at least, the optimisation s
hedulefor the algorithm must be 
omparitively looseso as to en
ompass the more highly separatedpairs. At best this will impa
t on exe
ution time,and at worst it may impa
t on the pre
ision ofthe 
onvergen
e or may 
ause 
onvergen
e toimplausible minima.3-D stru
ture presents serious problems. Build-ings, although usually being weakly textured, aregenerally strong exhibitors of the types of featuresthat are often integral to the registration �t metri
(i.e. lines and 
orners).The region-based approa
h 
onsiders the
orrelation between the two whole images.Given imagery 
ontaining a textured ground-plane

Figure 1: Motion dete
tion in HDTV. Top: Ex-ample frame from the sequen
e. Middle: resultingfeatures after appli
ation of RANSAC algorithm;white 
rosses indi
ate inliers used for image reg-istration and bla
k 
rosses indi
ate outliers. Bot-tom: Dete
ted targets overlaid on the \di�eren
e"image, that is, the number of standard deviationsaway from the ba
kground model.and some 3D obje
ts it will rea
h a 
ompromiseregistration (that 
ould be viewed as an averageweighted by image lo
al stru
ture density). Ourfeature based approa
h is in some sense morerobust. While the proportion of features eminatingfrom the 3-D stru
ture is low, it should have littleor no impa
t. However, be
ause the 3-D stru
tureis high in strong 
orners, a 
omparitively lowproportion of the imagery being populated bystru
tures su
h as buildings may 
ause aligment tobuilding roofs rather than the ground, parti
ularlyif the buildings are of uniform height i.e. the



relative displa
ement between 
orresponding
orners is uniform.These expe
tations have been borne out by results.We'd expe
t the region-based approa
h to re
overfrom translation of 10-20% of the image widthand 10-20 degrees of rotation. Performan
e isredu
ed when the images exhibit large perspe
tivevariation (
hange in elevation angle). The featurebased approa
h has been applied to a large andvaried set of imagery and has performed well, evenwhen the imagery has exhibited relatively weakand sparsely distributed features. In the presen
eof 3-D stru
ture, the region-based approa
h has,on o

assion, demonstrated a tenden
y to driftaround lo
ally from frame to frame, and thereis a gradual in
rease in registration error as theplatform moves further away from the referen
eimage. Under the same 
onditions, the featurebased approa
h gives pre
ise alignment of buildingroofs resulting in more pronoun
ed misregistrationof the ba
kground.
3.4 Background ModellingThe main 
onsiderations with regard to 
onstru
t-ing the ba
kground model are: 
hoi
e of 
olourspa
e, 
hoi
e of ba
kground model, the methodsused for bootstrapping and maintaining the model,and the de
ision me
hanism for identifying statisti-
al outliers. The most appropriate 
hoi
e dependson the s
ene 
ontent and how it 
hanges over time,imaging 
onditions, et
.As a result, many optionsare available, and ADSS 
an be 
on�gured a

ord-ingly.All 
ommonly used 
olour transformations areavailable in ADSS. In this appli
ation RGB wasnot pursued due to the high degree of 
orrelationbetween the red, green and blue 
hannels, andthe dominan
e of intensity. Essentially, thedis
riminatory potential of the 
olour informationis not fully realised. HSV has the desirable
hara
teristi
 of separating intensity from hue,one bene�t of whi
h is the ability to use a simpleheuristi
 to distinguish between obje
t movementand shadow 
hange. However, the 
ontinuous,
ir
ular nature of the hue feature lead us, in part,to favour a prin
ipal 
omponent based featurespa
e. We regard per
eptual 
olour as beingalmost two dimensional, intensity and a 
olour
omponent, the third feature 
an be regarded asnoise and optionally dis
arded [8℄.The ba
kground model of ea
h pixel was repre-sented by the mean and standard deviation of its
olour 
omponents. These were 
omputed usingrobust statisti
s i.e. via the median and the medianabsolute deviation from the median, respe
tively.This provided a more satisfa
tory model in the

presen
e of outliers when dealing with a small num-ber of frames, and in parti
ular, the system 
an bebootstrapped without a need for the s
ene to beeva
uated of people. Given the ba
kground model(�,�), it is trivial to 
ompute the probability that aparti
ular pixel is 
onsistent with the ba
kgroundmodel (in terms of standard deviation). Outliers in
olour spa
e 
an be identi�ed using a statisti
allymeaningful multiple of the standard deviation, n.In our ground-based work, Gaussian Mixture Mod-els have been used to 
hara
terise a s
ene when,due to motion in a s
ene, more than one ba
k-ground 
lass may o

upy a parti
ular pixel lo
ationover time. In 
ommon with others, we aim tomap one Gaussian to ea
h ba
kground 
lass. Ea
hGaussian is modelled on a 
luster generated by thek-means algorithm, an iterative pro
ess based onthe distan
es of samples to 
urrent 
luster 
entres,partitions the samples neatly into nonoverlappinglabelled 
lusters.The sophisti
ation of these te
hniques variesenormously. The robust statisti
al te
hnique,though slow, 
an be re-initialised at any time.Currently, ADSS also uses an update rule, su
hthat the model is updated provided the in
omingsample is 
onsistent with the 
urrent version.This will a

ommodate drifts in ba
kground
hara
teristi
s. We are 
urrently implementingan update s
heme whi
h o�ers a

ommodation ofnewly introdu
ed obje
ts.The important feature here is that in an airborneappli
ation there is less s
ope to bootstrap thesystem on a s
ene free of targets. Given that theviewing behaviour is quite unpredi
table, it meansthat a ba
kground based on mean (i.e. Gaussian)or mixture of Gaussian models is probably not de-sirable. This is parti
ularly true in our use ofthese models whi
h had been to employ the wholesta
k of data as bootstrap data, and then look foranomalies within it. This may 
hange when we
onsider repeated visits.The impa
t of registration errors depends on thetype of model, and the manner and 
onditions un-der whi
h it is 
omputed (in the bootstap andadaptive phases). We 
onsider the robust, uni-modal method in a repeated boot-strap mode (thatis, one per sta
k). Thus, as the sensor moves, theregions of the ground o

luded by 3D stru
tureswill gradually 
hange. Thus there are two fa
torsimpa
ting on the ba
kground model: erroneousground registration and o

lusion in
onsisten
ies.The impa
t is diÆ
ult to predi
t as it dependson image 
ontent. However, relative movement ofimage stru
ture (whether on the ground or elevatedfrom it) will lead to false alarms, and as the greylevel varian
e estimate 
lose the stru
ture is likelyto be raised, 
hanges that take pla
e 
lose to region



boundaries are more likely to remain undete
ted.This pla
es additional heavy 
onstraints on the sizeof the temporal window.
3.5 PostprocessingIn extreme 
ases, false alarms have been eliminatedby a dis
rimination module. The false dete
tionsare usually 
aused by 
hanges in o

lusion frombuildings, and these 
an be eliminated on the basisof size and aspe
t-ratio. The aspe
t ratio is givenby the ratio of the eigen-values of the (x,y) pixello
ations in the target 
andidate's mask. Changes(
orresponding to potential obje
t motion) are alsodis
arded if they fail to be persistent over a smallnumber of frames.
4 TestbedsTest imagery was 
olle
ted uing the ISR(Intelligen
e, Surveillan
e and Re
onnaissan
e)Testbed [9℄ 
omprising an airborne platform withan integrated ele
tro-opti
 & infra-red video sensor(amongst others), line of sight C-band datalink,and a ground element for image exploitation anddissemination. In past trials the video sensorused was the Wes
am MX-20, but most re
enttrials utilised an HDTV sensor based around thePanasoni
 
amera (model AK{HC900) with a1.2m fo
al length lens. The video is transportedas an MPEG-2 stream from the sensor to thepro
essing/exploitation 
omponents. This allowsmetadata from the sensor (in
luding su
h thingsas time
odes, geo
oding, and sensor settings)to be en
oded with the video stream usingSMPTE Standard 336M Key-Length-Value (KLV)triplets [10℄, and is also an eÆ
ient me
hanismto 
ompress the video data to redu
e datalinkand 
ommuni
ation requirements. Appropriateappli
ation program interfa
es and a 
a
hingimage server ar
hite
ture within the ADSS'simage library provide eÆ
ent de
ompressionand re
onstru
tion of the video frames from theMPEG-2 stream.
5 ConclusionsWe have presented some work on the expansionof ADSS to perform urban surveillan
e fromairborne platforms. It in
ludes adaptationsboth to the ADSS framework and to the imageregistration and dete
tion te
hniques ne
essaryfor lo
ating moving obje
ts. The potential totransition ba
kground modelling based movingtarget dete
tion to the airborne domain hasbeen examined, predominantly using a robust,unimodal ba
kground model. Future work willattempt to formalise some of the 
onstraints

on this approa
h and to assess pra
ti
ally thepotential of a mixture model to redu
e false alarmsand weaken the 
onstraints. To alleviate the mainproblem of disruption by features elevated abovethe ground plane, we propose the extention of ourfeature based registration te
hnique to eliminatethese undesirable o�-ground-plane mat
hes.
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