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Abstract

In this paper, we describe owSursystem and experiments performed for the surveillance event detection task in
TRECVIR009.In the experiments, we addresd the detection problems of two categories of events: 1) siragtor events
(e.g., PersonRuns and ElevatorNoEntry) that require only whole body modeling and no interaction with other persons, and
2) pairactivity events (g., PeopleMeet, PeopleSplitUp, Embrace) that need to explore the relationship between two active
persons based on their motion information. Our contributions are tHieds. First, we desiged effective strateges for
background modeling, human detecti@and tracking. Second, we propasan ensemble approach for both sinedetor
and pairactivity event analysis by fusing Owue-All SVM and rulbased classifier. Third, event merging and
post-processing based on prior knowledgere applied to refine thesystem detection outputsconsequently reduag the
false alarm in the event detection. We submitted thnems (i.e., p-eSur_1 p-eSur 2 andp-eSur 3), whichwere obtained
by using different human detection and tracking modul@scording to the TRECWH formal evaluation, our prototype
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PeopleMeet, PeopleSplitUp, Embrace, and ElevatorNoEntry, respectively.

1. Introduction

Event detectiorin surveillance environments is a critical application in computer vision field. Although there are deep
and extensive studies on this issue, tgplicablesystem is still far away from our life due to the following challenges:(1)
clutter scenes (Rillumination variations (3)partial and full occlusion between persons ¢#fferent views of the same type
of event (5) no clear event definition (6) no appropriate modeling method of ey&hReaidtime computation. In order to
address part of the difficutis mentioned above, our team, PKU_IDM, participated in the retrospective events task of
TRECVIR009.

We dose five eventsPersonRuns, ElevatorNoEntry, PeopleMeet, PeopleSplitUp and Embrue tenretrospective
eventsspecified bythe task. The fivevents are classified into two categories by whether a person has interaatibim
others. Thusthe problemis formulated asdetection of pair-activity events (e.g., PeopleMeet, PeopleSplitUp, Embrace),
which needto explore the relationship between twactive persons based on their motion information, ashetection of
singleactor events (e.g., PersonRuns and ElevatorNoEntryyéagiires only whole body modeling

Following a typical machine learning framewodur system called eSurincludes featureextraction, training and
classificationcomponents In [1], Ryan Rifkin claimed that cme-all schemewould achieve better performancéhan
one-for-all scheme ThusOnevs-All SVM is selected to identify different evenitsour system Also, for eacltamera,prior
rules are fused with SVM classifiers to boost the classification re€ultscontributions are threéolds.

First, we desiged effective strateges for background modeling, human detection and tracking. For background
modeling, we use Mixture of Gaussias(MoG) and AdaptiveBlockwise PCAThe two background models cée used to
distinguish different camera scenesd effectively accelerate the searching process while decreasing the false alarm
human detection Within the extracted forground region, we uskthe cascadedistograms of Oriented GradienfsioG)

[2] for human body andheadshoulderdetection. Theonline-boosting method is then used for tracking each detection part.



In addition, the tracking process is assisted by the déectesult so that we can determine the initialization and
termination of each trackletand dominant colomformationis used to solve the drifting problem

Second, we proposkan ensemble approach for both singdetor and pakactivity event analysiby fusing Oness-All
SVM andRule-based classifier. For the paictivity events, we first tread PeopleMeet, PeopleSplitUp and Embrace as the
same event and empl@g Onevs-All SVM to effectively separate them from the others. Then the three events are
identified by object motion informatioand separatedfrom each other by thre©nevs-All SVMclassifiersFor singleactor
events, both Onevs-All SVM andRule-based classifier are used in our experiments. In particular, elevator state detection
andhumandisappearing modeling are used to effectively detect the ElevatorNoEntry event.

Third, event merging and pagrocessing based on priknowledgeare applied to refine the system detectioesults
consequentlyredudngthe false alarm in the eventadection effectively.

The remainder of thipaperis organized as followfn section 2, weresentour system framework briefiBackground
subtraction technologys described in section 3. In section 4, describeour human detection and tracking apgach. In
section 5we presentour approach fodetecting and identifyinglifferent events. Experimental resulésd analysigre
given outin section 6Finally we conclude thipaperin section?.

2. The eSuSystemFamework
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Fig.1the diagramof our system, eSur

Thediagramof our eSur(Event detection system oBUReillancevideo)system is shown in Fig.Background model is
generated for each camera and camera classification is performed based on these nBaisdgroundsubtraction is
employed toextract the foreground regions, thus reducing the searching space in human detection and tracking. In the
human detection stage, human body detection results and k&tzalilder detection results based on HoG are fused to
obtain the final human detection reéts, followed by tracking using onlinboosting and dominant color features.
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object moving conditioa For each camera corpu®nevs:-Al SVMclassifier is trained for each event goaspthe nature of
the event anddetermine whether the eventoccurredin a giventime span An ensemble approacks alsoemployedfor
singleactor event analysis by fusing Cus-All SVM and rukbased clas§er. Finally, arevent merging and posgtrocessing
procedureis applied to refine the system detection outputs.

As mentioned above, the motion characteristics of a human and his relationship with other persons can be
represented by motion features andlation matricesTo identify an event, a windoaf 12 consecutive frames sédin the
video. Wherthe window is labeled TRUE the classifierof some eventwethen trace the correspondingerson(s)
backwardorF 2 NB I NR (2 FAYR (KeBdf@mgeSy 6 Qa aidl NI FNIYS FyR

Forthe training corpus, all events are easily addressethieygroundtruth dataandwe manually labelethe
correspondinghumansin each event with bounding boxes. We divided the training data to ten subsats for one event
As a resultperformance of eSus verified througha ten crossvalidation.



3. BackgroundSubtraction

In our framework, backgroundubtraction isapplied in two ways{1) Reconstruct the stationary backgrounds for
camera classificatior{2) Extract foreground regius to accelerate the human detection process and decrease the detection
false alarms effectively at the same time.

In [3],Staufferand Grimsormodelked the distribution of the pixel valudsy using Mixture ofzaussiandn [4], Elgammal
applied nonparametic model using only recent observed pixel values in background subtraltifd), Kim et al quantized
the background values into codebooks which represent a compressed form of background Bamdtglround subtraction
using motion information has also beexplored iNf6] and[7]. Eigenbackground&lso called PCA Backgroufg])canalso
detect static objectsAs most of the events INRECVIEorpus aresomewhatrelated tostatic humans, we chose MoG and
PCAwith somesimplification and improvemerds ourbackground subtraction technologies

For MoG,we simplify the primary algorithm by eliminating the updating staf)@00 frames in each camera are
sampledand the foreground objectare manually labeled in each fram&hen EM algorithm is applied on thébkded data
to construct a MoG background model of five Gaussian components.

PCA is very different from MoGour hundred frames areuniformly sampled from each videand singularvalue
deposition is computedo obtain eigenbackground# the training stag. To get lower complexitand higher recall ratio
Adaptive Blockvise PCAs proposedEach frame is segmented inseveralblocks and background subtraction is performed
respectivelyfor eachblock. First backgrounds are reconstructed by projecting thleck image onto each of the trained
eigenbackgrounds. Then the best reconstructed background is selected for subtraction according to the minimized mean
square error between the reconstructed background and the trained mean backgeasufaflows:

B=argmin, |B -T||2 (3.1)
B=£Fl 1d¢ M (3.2)

where | is the trained mean backgroundi,'i is the th eigenbackgroundBis the ith reconstructed backgroundnd M is
the numberof eigenbackgroundsThe projection coefficients ){Tl } canbe used toidentify different cameras in camera
classification stage.

(a) (b) (©) (d) (e)
Fig2 Thebackground subtraction resultssingAdaptiveBlockwise PCAor (a) Cart, (b) Car@, (¢c) Cam3, (d)
Camdand €) Camb respectivelftrom top to down, the figureshow the source framegconstructed



background and the subtraction result

Experimental rests demonstrate that theddaptiveBlockwise PCAs effectivein our corpus Fig2 shows the
background subtraction resultssingAdaptive Blockvise PCAor (a) Caml, (b) Cam2, (c) Cam3, (d) Cam4 and (e) Cam5
respectively.

4. Detection andTracking

Detecton and Tracking module directly affects the recall and precision of the systéemused cascade of HoG
framework for human detection and heaghoulder detection. The integration of the two detection results would solve the
occlusion problem properly. Foraicking, we first utilized the detection results for initializing the tracking trajectory. Online
boosting method was then combined with the detection module to grow and terminate the trajectory. We usetktthed
above frame by frame, calledForward trakingg. In order to make our system more robust, we also did it in a reverse
direction forthe video, alledéBackward tracking The whole framework is interpreted in F&g.
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4.1 Humanbody and head-shoulder detection

There are many occlusions in tHERECVIDorpus, and sometimes thehole bodiesof personsare not shown in the
video scenesFor these situabns, headshoulder detection performbetter. As a resultwe integrate human detection and
headshoulder detectiorin our system.

Haar feature is widely used in face detection. Papageorgious and P&}ydist used Haabased representation for
human detetion. Viola et al. 0] exterded Haadlike feature for movinghuman detection. After that, Daland Triggs 2]
got a far better result with HOG featur@hu et al. [11] added a cascaded framework to improve HOG feature and it
significantly increased the speed dfet original method. Besides, Wund Nevatia [2] also tried an edge like feature called
Edgelet, and pa-based approach is applied in their framework.

In [2], Dalaland Triggs have proved that Histograms of Oriented Gradients is powerful enough to pedestrian detection.
However, the method can only process 320x240 images with a low speed. In order towgpéeeir method, Zhwet al.
combined the cascade of rejecter approach with the HOG feature. They used AdaBoost to select the best feature and
constructed the rejectebased cascade. This method significantly accelerated the speed of the system, anduigytian
anearreali A YS KdzYly RSGSOlGA2y NBadzZ G Ly 2NRSNI G2 3ISGE | KAS
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For training the classifier, avlabeled 5000 persons and heakloulders in each camera. Human hesulder and
whole body are detected separately. The two detection results for one person, head and the whole body, are combined by
usingBayesian combination. Besides, with the coarse foreground regions extracted from background modeling module, we
wipe out candidate regions that do not have enough foreground in them. Moreoversingstatistical data of each camera,
we can simpl estimae the possible size of person appeared in different position. By using this prior information, the



detection process is more efficient. Additionally, regions those have low possibility of events are pruned in searchgsy proce
in order to accelerate theemrching progress.

4.2 Tracking

Tracking problemnis solvedin severalcommon ways Appearancéased methodsuch asMean-Shift [13] uses color
features The motioncondition of the objecitan be describethrough a Bayesian filtering functiote.g.Kalman filte and
Particle filte). Thesecondmethod is segmentatioased trackingGraph Cuf14], as a method for segmentation, can be a
way for solving the tracking problem. Furthermokéelmut Grabneet al. [15] consider tracking as a classification problem.
Orline Boosting issuch an example textract the robust feature in the adaptive proce§he fourth method is presentday
Huanget al. [16]. In their frameworktrackingis considered to make thassociatiorfor eachdetectionresult

In the TRECVIRBorpus, target object appearance always changes significantly. As a resulisevadaptiveOnline
Boosting framework for tracking procesas it is described by Helmut Grabner, the detection result of each step is regarded
aspositivedata, while the surroundig four blocks are regarded asgativedata.

As it is described as Figy.each traclet isfirst triggeredby the headshoulder and body detection resulthroughout
the Online Boostingmethod, prediction process is started amdch detected objecgot an expected target in the next frame.
Gonsecutively, eaclexpected targetis tested by detectionmodule to confirm whetherdrifting is happeing in tracking
processBased on the predictioprobability, if the target objet is drifted, termination moduleis triggered and the tracking
process is ended. Else, similarity comparison is nizetereen the new tracklet and otheexistenttracklets for further
combination.Dominant color similarity is regarded asreethod for this processMoreover,Online Boostingcan also provide
us a similarity score If any two tracklets are very similar, the two results are combined and continued to trigger another
tracking process for the combined one. Otherwise, another tracking process is only triggered for the new {faekiehole
process is doingontinuouslyuntil the termination process is triggered. Finally, evagjectory is approachedas long as
possible based on trackletand the final result is refined\backward tracking processemployed eitherThe proces is the
same as thdéorward trackingBy fusing the tracking result got from forward and backward, the result is further improved.
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5. Events detection

Automatic events detection is a highly active research area due tmthe number of potential applications and its
inherent complexity. Various methods such as HMM(Hidden Markov MAdgl)CFG(Contexttee Grammar)[8], have
been used to describe events. L[16] presentd a dynamicBayesiametwork to analysis anéhterpret human motion in
sports video sequence$or the sake of simplicitand flexibility during trainingThe work similar to ours is that d20Q],
which used SVMto classify optical flow histogram amdcognizeactiors. In our systemwe extract object mabn features
from trackingresults then apply classifisto detectspecificevents.

As mentioned in section 1, we address the problem in two categoriesapgiity events and singlactor events.To
separateeventsfrom each other, we treat multiple \ents detection ag multiclass classification problenso Onevs:All
schemeis employed Three pair-activity events PeopleMeet, PeoplplitUp and Embracere identified by object motion



patternsand separatedfrom others by threebinary classifiersFor singleactor events, both Ongs:-All SVM and rukbased
classifier are used. Events merging and post processing based on prior knowledge are applied to refine system outputs.
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Fig5 the diagram of event detection based on motion information
5.1Different Classifier Stratgies

Since we treat detection as a classification problemeréis a kind of needs to design and evaluate different classifier
strategies. We tried SVM classifier, hierarchal classifiers and-keuitel learning(MKL)classifier. Firs§i we chose SVM
classifier proposal, which means training binary classifier for each event with sgaiedas negative samples. Then we
extended it to hierarchal classifier as follows: combine all required events as one event to distinguish fros) thibwer
choose similar events as one to further separate thdastly recognize specific event respectively. We alsediMKL
method with rbf, linear and poly kernels to enhance classification performance. Comparison experiments were carried on
TREVie€EDON8 data.In the end,SVMclassifiewas chosen fothe sake of simplicitgnd efficiency.

5.2 Pairactivity events

Pairactivity events are those who involve two pers@imeraction.In general, related works deal with objedtsough
a long term video sequee, while we identify some key frames whicharacterizeevents. Recogniing such key frames
could leads tovalid event detectioninthe @ 9 Y6 N} OS¢ | y Reaséstth8re isihoSigrifi&aiit beginnirg events
but the pairpersors areremarkablyclose with each other at last. In other wardkey frames aré¢hose onesat the end of
the event.For the same reasarina t S 2 LIt S dvéwdfs kel frahilés are located at the beginning.

Our systenpicksdistance,co-occurrencespan and motion direction correlation of two persons as featuresvhich are
extracted ina sliding window with twelve consecutive framesll these featuresire integrated into one feature vectomwith
featuresdepictedas follows:

dist(obj, ob}) = | pog,, - Pas, (5.

80 if 0<|g- g|< pE
relCodd obj, obj) =1 if 50 /64 ¢ - < (5.2)

} 2 otherwise

cotime{ obj, obj) = mifi f,,( ok, f,( ob)) - maxL{ obj L{ ob) (5.3)
All frames will be processed and output millgoffeature vectors to paiactivity classifiersIn this way, all key frames will
be extracted.As illustrated above, once we getsuch key frame2 ¥ a9 Yo N} OS¢  2opdlent wilScarjfos a S S G
backwardsearchstrategyto find response ever@beginning.InO2 y i N> ad > | at S2 L) S{ L)X AdG! L¥ L
search will bamplementd. After that, preliminary evenintervalis obtained Consecutivelytheseare merged if they have
similar time interval.
At last, some rules based on prior knowledge are introduced. The changing patterns of distance betwetaied



persons are the key of paarctivity events.If the distanceat the end of the eventis greater than a thresholdfor
oPeopleMeet and éEmbracé, or the distance at the beginning of the event is greater than a thresholdPeopleSplitUg

the detected event is identified as a falserata For PeopleSplitUp, we also assume that the motion directions of the two
related persons should be different.

5.3 Singleactor events

Fora t S N& 2 gventiyisiabserved that a running person havéighervelocity than otherswith motion direction
consistency Therefore, we integrate velocities and motion directiomishin a sliding window as the feature vector and use
classifiersi 2 A RSy (i A T & Aftér tthatNSbRofswalzgledl ubning are collected and stitched according to their
identifications. Similarly events that haveoverlap time intervak are merged to get preliminary results. Using statistical
results,we canlimit the object position and motion direction. For instance, people always run frorbdfom to top inthe
sceneof cameral Referring tathis rule, we wipel out a lot of false alarms caused by tracking drifting.

For ElevatorNoEntry evertthe first step is scene recognitioBy observing the corpus, we caasily find that there is
no elevator in scenes of camera one, two ane fTherefore only if the scene idetermined tocomefrom camera 3 or 4,
the following steps arexecuted

The state transition diagrarm Fig6 presents ourbasicidea of EatorNoEntry Event DetectiorBecause elevatofs
positions are absolutely fixe, we can know where the elevatoreésmpirically When the elevator ifully closed, the elevator
regiors are labeled as backgroundfter background subtractionvhile when the door isopen, the elevator regios are
detected as foreground. Thus, we canideh ¥& S| OK §dpéndt clogedhipudsingddaptiveBlackWisePCAThe
time at which the elevatobegins to operor is fullyclosel is detected and recorded.

Fig.6 State transition diagram in ElevatorNoEntry detection
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To be more exact, if we detect somebody is waiting in front of the elevators when the door opens and we still detect
somebody waiting when the door is fully closed, an BteWoEntry event is identifiedptherwise, we think the person
enters the elevatorHowever,there is the following exceptionsomebody is waiting when the door opens but he leaves the
scene when the door close this casethe human alsalisappeardut the event will not be detectedlo avoid this kind of
miss, we will detect and record whether there is person passing the boundaries of the scene after the door opens and
before it closeslIf so, webelieve the person leaves the scene and repamnt ElevabrNoEntry event.The criteria for
determining whether there is persowaitingin the scene or passing the scene boundaries is whether the foreground areas
exceeds some thresholds.

6. Experiment and results

The interface of our eSur system is shown in7igheleft picture shovsthe interface of event detection. Throughout



