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ABSTRACT

This paper presents a new fusion scheme for entgutioe result quality based on the combination okiple different

detectors. We present a study showing the fusiomoliple video analysis detectors like “detectingattended
luggage” in video sequences. One of the problertiseidime jitter between different detectors, fypically one system
can trigger an event several seconds before anotier Another issue is the computation of the adexfusion of
realigned events. We propose a fusion system tretomes these problems by being able (i) In theniag stage to
match off-line the ground truth events with theutesf the detectors events using a dynamic programg scheme (ii)
To learn the relation between ground truth andlrgg) To fusion in real-time the events from féifent detectors
thanks to the learning stage in order to maximiimeglobal quality of result. We show promising tesby combining

outputs of different video analysis detector tedbgies.
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1. INTRODUCTION

There is a distinction between detection and diaation. Event detection is the triggering of stahange of an entity
along the time. Therefore, event detector is aasosimple as a system that outputs « YES » or «wN@each input
instance like a simple binary classifier. One comnapproach is to extract features and then receghiz class as a
“known”. Lots of efforts have been dedicated tosslfication. Therefore lots of efforts have beesoatione on the
fusion of classifiers (e.g. one classifier usesm@T coefficients to choose the corresponding ctdsan image while
another classifier uses local colour histogramsit. tBere is a lack in fusion of detectors. Indeed difficult to define
precisely when exactly any event occurs. The m@joblem is the time jitter between different detecystems used in
parallel for a same kind of event, i.e. typicallyeossystem can trigger an event several secondssbafiother one. While
it is easy to combine the result of two classifieesn a simple instance (e.g. an image), it iseydifficult to just match
the result of two detectors in order to combinenthte take a decision. Some methods exist but s@iffen various
drawbacks and instabilities.

We propose a system that overcomes these probleinss, in section 2 we introduce the performanceal@ation
methodology with the ROC Space. Then, in sectiowe3 define the problem of detectors’ fusion wittstfian offline
matching of the ground truth events with the resfilthe detectors events using a dynamic programragheme. In
section 4, we propose a Bayesian fusion to leaenréhation between ground truth and result. Inisach, we show
some promising results in automatic video survedé application by combining outputs of differemdeo analysis
detector technologies: one based on object trajestanalysis and the other one based purely ompiket processing
level. Finally, we conclude in section 6.

2. ROC SPACE

Detection evaluation is done with the comparisorob$erved (result) and true values (also calledirgtotruth). It
generates a 2x2 contingency table that expressesthect and false matches between the two poputabased on:

True positives: the number of observations confirg the ground truth,
False positives: the number of observations notheat in the ground truth,
True negatives: the number of observations rejdatggart of ground truth,

False negatives: the number of observations ert@mhgaccepted as belonging to the ground truth.



General results [1][2] are summarised in the TdhléSome useful derived metrics like detection r@ensitivity)
Ny/(Np+Nm) and false positive rateg{Ng+Ny,) are important for gathering detection systemsfgrenances [3][4].

System Observation CIET i

Positive Negative
Positive Nip (true positives) Ny, (false positives)
Negative | Np, (false negatives) | N;, (true negatives)

Table 1: Boolean contingency table for comparisb@G® and RS.

It is difficult to compare two algorithms with défent detection rates and false positive ratesdatelrmine which is
best. Therefore, ROC (Receiver Operating Charaties) space is used. This space characterizesydtem score
between two conflicting requirements. ROC graplestao-dimensional graphs in which detection ratelégted on the
Y axis and false positive rate is plotted on theaXs. A ROC curve describes the performance of lgarithm at

different operating points. The ideal classifienisthe upper-left with DR=1 and FAR=0. Usually, the ROC curve,
given an operating point P, any operating poinhveietter detection rate (true positive rate) anelofalse positive rate
is a better operating point. Furthermore, giveams, operating point with worse detection rate aigthdr false positive
rate is worse operating point. A priori, it is rpaissible to state for other region of the ROC. (Sgare 1).

2.1 Interpolation of operating points and convex hull

From two different operating point of the ROC (AdaB), it is possible to construct any operatingp@ on the straight
line between A and B [7]. In practice, to obtaie tlassifier C, we generate a random number betaeenand one. If
the random number is greater tHampply classifier A to the instance and reportlgsision, else pass the instance to B.
Interpolation is interesting when both A and B dadtisfy the requirements and C does as in Figure
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Figure 1: Operating points on the ROC curve, Figure 2: Interpolation of two Operating points tre
comparison. ROC curve.

As shown by Fawcett [7], we can extend the inteappoh of detectors and create the convex hull lobaérating points.
Then to evaluate the overall performance evaluatpnesented on the ROC curves, it is possiblenty keep operating
points part of the convex hull: We call it the R@6nvex Hull (ROCCH). (See Figure 3)
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Figure 3: ROC Convex Hull (ROCCH) made from all
operating points.
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3. FUSION OF EVENT DETECTORS

In this section, we assume to have different eebidtt primary detectors and we want to fusion thienorder to
maximize the quality of the new set of hybrid evebject detectors [10]. In the case of fusion ofr@vdetectors, one
important point is the synchronization of all detes [6]. Indeed for binary classifiers fusion aedt correspondence
between decisions can be achieved (Figure 4a) vbiledetector fusion, a preliminary event-to-evematching is
needed (Figure 4b).

(b)

Detector 1 | | | |

>
Detector 2 | | | |

(@)
Classifier1results | O | O] 1| O| 1| 1

Classifier2results | O | 1| 1| 1| 0O 1

time

Figure 4: Difference of evaluation problem betwéanbinary classifier and (b) event detection.

Let clarify the definition of the problem: We haseveral primary event detectors that should détecsame event but
with different technologies, providers or modabtidable 2 shows a toy example where the videoesegulasts 1 hour
from 10:00 to 11:00 with 9 events to deteand the primary detectors abe, D2 andD3. The goal is to infer the
ground truth GT) from D1, D2 andD3. The solution is a set of hybrid detectors (aldtedarules) describing a ROCCH
in the ROC space.

Time of events

Ground truth Detector D1 Detector D2 Detector D3
10:02:15 10:13:05 10:13:05 10:13:05
10:13:05 10:16:35 10:18:24 10:18:24
10:16:35 10:25:12 10:35:04 10:35:05
10:18:23 10:43:25 10:51:53 10:38:38
10:35:04 10:51:52 10:55:36 10:43:28
10:38:34 10:58:24
10:43:27
10:51:54
10:58:22

Table 2: Ground Truth and Result of three detectors

! We notice that in real case we should have ma@idaorder to have something statistically repnéstéve.



We assume that the possible errors of the eveptti@h systems are a set of false positives, fatgmtives, delays and
anticipations. In practical terms, it means thatnstimes, it allows no match between events of guidtuth and results,
matches could also be performed with events hadiffgrent time-stamps. The aim of the proposed aggh is to
process this dynamic re-alignment of the systemtput according to the ground truth in an objectiwvel automatic
way. This is solved [12] using a dynamic programgnabgorithm where false positives and false negatiand delays
are charged with pre-defined costs. By maintaitinegdecision used to obtain the minimum cost irhestiep, we obtain,
in essence, an explanation of the errors that aripeocessing the input [5]. From this fair evdiaa procedure we can
define for each primary detectbd, D2 andD3 the good detections (GD) and false detection @Dghown in Table 3.

matches False detection

PR N v
AR
Result | | | | -
Groundtrut\m{J (;l)l \5 time
g
®

Non detection

Figure 5: Example of matches between result andimuidruth.

Time of events

Ground truth Detector D1 Detector D2 Detector D3
10:02:15 10:13:05 GD 10:13:05 GD 10:13:05 GD
10:13:05 10:16:35 GD 10:18:24 GD 10:18:24 GD
10:16:35 10:25:12 FD 10:35:04 GD 10:35:05 GD
10:18:23 10:43:25 GD 10:51:53 GD 10:38:38 GD
10:35:04 10:51:52 GD 10:55:36 FD 10:43:28 GD
10:38:34 10:58:24 GD
10:43:27
10:51:54
10:58:22

Table 3: Evaluation of the three detectors in teinGGood Detections (GD) and False Detections (FD).

Using this good/false evaluation of detector, ip@ssible to derive some basic statistics. Fromerdbwe observe that
D3 is better thab2 andD1. We can display the three primary detectors inRR& graph on Figure 6.

Detector D1 Detector D2 Detector D3
Detection rate 5/9=55.5% 4/9=44.4% 5/9=55.5%
False alarm rate 1 per hour 1 per hour 0 per hour
Positive predictive 83.3% of detection are | 80% of detection are GD| 100% of detection are
value GD GD

Table 4: summarization of the three detectors eatin.

From Table 3, we also remark that at time 10:02uEig these three detectors, one event of thesGibti detected by
any of primary detector®1, D2 or D3. It thus is impossible to trigger that event withdelp of the GT. Taking into
account there are nine events in the GT, only 88% of GT event could be detected using the tHetectors in any
optimal approach. It means that a hybrid-detedt® of DR,,,, =88.8% is a reasonable limit for a fusion of detexto
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Figure 6: The Three detectors in the Roc graph.

After performing the matching process, we repredbatresult of ground truth and detect@$, D2 and D3 in a
synchronized way in Table 5:

Time of events

Ground truth
10:02:15 true
10:13:05 true
10:16:35 true
10:18:23 true
10:25:12 false
10:35:04 true
10:38:34 true
10:43:27 true
10:51:54 true
10:55:36 false
10:58:22 true

Detector D1
10:02:15 false
10:13:05 true
10:16:35 true
10:18:23 false
10:25:12 true
10:35:04 false
10:38:34 false
10:43:25 true
10:51:52 true
10:55:36 false
10:58:24 true

Detector D2
10:02:15 false
10:13:05 true
10:16:35 false
10:18:24 true
10:25:12 false
10:35:04 true
10:38:34 false
10:43:27 false
10:51:53 true
10:55:36 true
10:58:22 false

Detector D3
10:02:15 false
10:13:05 true
10:16:35 false
10:18:24 true
10:25:12 false
10:35:05 true
10:38:44 true
10:43:28 true
10:51:54 false
10:55:36 false
10:58:22 false

Table 5: Ground truth + detectors D1, D2 and D3 mutt(synchronized).

DRMAX -

_ card(GT =trueC (D1=trueE D2 =trueE D3 =true))

card(GT =true)

1)

From this table, we see that the number of rowes,considered cases, is dependant of the diffenaiputs ofD1, D2,
D3 andGT (in fact if at least one of the four triggers areiet, there is a new row in the table). We notf th Table 5
now appears some “true negative” (&©g.andD3 at 10:25:12).

Let’s define then the s&V as the set of “rows” of the table whePHE D2E D3 is true: We only consider cases where
at least one detector is true. Indé¥depresents alarms triggered in a real-scale camd{tivhere there is no available

GT). Thus DR, should be multiplied byDR,,,, to know the exact DR (2).

DR=DR,, DR,

)



At this stage, we consider the problem as a fusforiassifieré: choose the estimated value®@T knowing the values
of D1, D2 andD3 in order to:

For any given DR, minimize FAR,
For any given FAR, maximize DR.

®3)

It means that the solution is not unique when ooesdhot choose a given DR or FAR. Thus the solusoa set of
operating points that compose a ROC convex hullGR8). F = {FA, Fg.Fc ,etc}. Some techniques exist in

order to cope with this problem [8][9]. We investig the “Bayesian” fusion.

OptimalFuson

4. BAYESIAN FUSION: METHODOLOGY

We propose to find the best fusion®f, D2 and D3 in order to have the best estimation of GE(in the setw) We
propose to use Bayesian classifier learning teclasdo estimat@(GT‘Dl D2,D3):

P(GT,D1,D2 D3)

P(GT|DLD2,D3) = S(OLD203)

4)

We defineF1 the optimal (in term of best estimation of GT)tttreggers an event whe(GT=1|D1,D2,D3)>=0.5.The
practical computation oF1 is developed as follow: We first combine the proobabilitiesP(D1,D2,D3)for each
combination oD1,D2,and D3 Then we store the different GT possibilities adony to each combination. In each row,
we can compute the number @T=0 and GT=1 and then the probability?(GT,D1,D2,D3) And finally
P(GT|D1,D2,D3).The overall description is shown on Table 6 (Trne false are respectively replaced by “1” and
“0").

F2 | F1 | P(GT=1|D1,D2,D3) | P(GT=1,D1,D2,D3) | Card(GT=1,01,02,03)| GT | D1 | D2 | D3 | P(D1,D2,D3)
11 1 1/10 1 1 0|01 1/10
0|0 0 0/10 0 0 |0]1]0 1/10
11 1 2/10 2 171 | 0| 1| 1 2/10
0|1 0.66 2/10 2 o1 1| 0| o0 3/10
11 1 1/10 1 1 [ 1]0]1 1/10
11 1 1/10 1 1 |11]0 1/10
11 1 1/10 1 1 [ 1|11 1/10

Table 6: Overall description of detectors’ fusion.

Let F the hybrid detector, detection rate and numbéalsé alarms are computed as follow:

F(D1,D2,D3)" P(GT =1,D1D2,D3)

Detection rate: DRY, = 20203
P(GT =1,D1,D2,DJ)
D1,D2,D3
Number of false alarm: FAF = F(D1,D2D3)" card(GT =0,D1,D2 D3)
D1,D2,D3

The fusionF1 triggers an event fd?(GT=1|D1,D2,D3)>=0.5 Let’s find the performance evaluationfet.

2 In theW space, the detector is model as a binary classifie



1’%+0’%+1’1—20+1’%+1’%+1’%+1’% %
F1 _ 10 _
PR = 1,0,2,2, 1,11 T %
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DR = DRyax DR\,f,1 =100%" 88.88% =8888%

FA™ =1 0+0"1+1 0+1 1+1 0+1  0+1 0=1

On Figure 7, we observe that the hybrid-dete@bris above the convex hull c{fD], D2, D3} thus the fusiorF1

enhances the system. Indeed, the hybrid detd¢tois optimized to give the best estimation answare(tor false)
according to the value ¢D1, D2, D3) i.e. it maximizes the probability of good answgood detections + good non
detections thus the number of GD minus the numbEAoNote that this optimization criterion is not based(3).

We try to tune the threshold value of the decisigde as experimentation to observe the results.blsic idea is to give
less or more importance to the maximization of DRI ¢ghe minimization of FAR. Thus, we propose anottusion

algorithmF2 which answers true only whé®{GT=1|D1,D2,D3)0.7.
DR2 =75%; DR"? = DR, " DR/’ = 75%" 8888% = 6666%; FA"* =0

We extend this scheme to the fusk®ithat answers true whé®GT=1|D1,D2,D3»=0. (all elements dfV) andF4 that
answers true whelR(GT=1|D1,D2,D3y1 (never). Resulted hybrid-detectors are plotteHigure 7.

DR’? =100%; DR™ =DR,,, ~ DR!? =100%" 8888% =8888%; FA™ =2
DR’* =0%; DR™ =DR,,, " DR}*=0%" 8888% =0%; FA™ =0
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Figure 7: Different fusions rules F1, F2, F3 and &#the three detectors.



Table 6 shows an interesting outcome: The numbeswefof the table idN=2"-1 with n the number of primary detectors.
For each row, there is a specific configuratiodaf D2, D3and then a specific value B{GT=1|D1,D2,D3)between 0
and 1. So if we varg between 0 and 1, there is maximum one transitiothé P(GT=1|D1,D2,D3)<a. We conclude
that forn primary detectors, the Bayesian fusion is creatiragcimum 2") hybrid detectors. This result is similar to the
result of Barrenet al[125] for finding the meta-classifier with the opal ROC curve using likelihood.

The fusion we've achieved takes into account that detectors could be dependent. But, it is poasdibltake the
assumption that detectors are independent. Irncse, the process is simpler because of (5). kioges we see results
on real datasets for the Bayesian fusion eithedémendent detectors and independent detectorshegis.

P(D1,D2,D3)= P(D1). P(D2). P(D3) (5)

5. EXPERIMENTAL RESULTS

To evaluate the performance of fusion approachestest them on a real application “detection ofnalomed object”
which is quite popular in video analysis communitiiis scenario has been addressed many times.

5.1 Datasets

The used dataset (Table 7) is made of about 16fb\sequences extracted from 7 different datasets tiatal of about 5
hours and 173 events “abandoned object”. We natenttost of these datasets are publicly availaklg¢ §¢hd commonly
used by industrials and scientists.

Name of dataset Numbe_r of abandoned Number of videos Total duration of
object events sequences dataset
Colis 17 29 27 min
Cantata [11] 46 58 108 min
Candela [13] 8 15 12 min

Caviar [17] 3 4 3 min

AVSS 2007 [16] 10 min
PETS 2006 [15] 20 28 50 min
PETS 2007 [14] 8 36 76 min
Total 104 173 286min

Table 7: Description of the video datasets useddsting the fusion methods.

5.2 Procedure

The procedure of performance evaluation partitimsomly the datasets in two groups of sequenaethéolearning
stage and the testing stage. During the learniagestfusion rules (hybrid detectors) which operafioints are on the
convex hull are kept and evaluated in the testesté@edrigure 7). We process this partition several times in otder
check that the results shown are statisticallyesentativé We try to have as statistically similar as poksiearning

and testing datasets but some differences are mémgailndeed, the limits oDR,,,, and FAR,,,, of W differ from

the learning stage and testing stage (see Figurss.1Bigure 11: It is because the learning andngstatasets are not
completely statistically the same. Indeed, the nemdf events per hour in learning dataset is 18.596iile it is 23.08/h
in testing). To overcome that problem in futureskeuld increase the set of videos shoots.

% There are no convenient generic methods for coimgtite variance in ROC curves analysis.
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We use three primary detectors from two differed®VAD1 and AD3 are “Activity Detection”. AD is w&ing by
finding stationary object with pixel based computision. MG stands for “Multitel Guard®, it is bad®n segmentation,
tracking of mobile objects and then scenario daiectNote that these algorithms have not been setupork for a
specific dataset, i.e. the parameters are the famadl video sequences. The three primary detsaoe shown in Figure
9. The metrics for comparing the result are theptesiof (DR, FAR) displayed on a ROC space.
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Figure 9: The three detectors used for the tests.
5.3 Comparison with the limit of best fusion

It is possible to try all possible rules of diffatepossible outputs knowing the valueshdf, D2 andD3. This fusion
technique is interesting because it enables todirtdvhat is the best result achieved for any otbehniques. Never the
less practically speaking, the number of possiblesr grows exponentially. Far detectors the number of possible



related n-uplets output outcomes N=2"-1 (we do not count the possibility (0,0,...,0) whennaoof the detector

triggers). The number of possible fusion rule2l$ = 2271 Thus this technique is conceivable only for maxim4
detectors as shown in Table 8.

Number of primary detectors Numbers of output outcomes

OB wWNBEF

1
3
7
15
31

Number of possible hybrid-
detectors
1
8
128
32768
2147483648

Table 8: Number of possible hybrid-detectors gittennumber of primary detectors.

For the results, we display all possible rules eeldted ROCCH in order to compare the performaridhe Bayesian
fusion with the limit of best fusion.

5.4 Results

On the learning phase we select the optimal rudésted to operating points on the ROCCH of “all gibke rules”,

“independent Bayesian strategy” and “dependent Sayestrategy”. We then report these rules opeaggimints during
the testing stage (hulls in the testing phase cbaldon-convex). Results are shown on Figure 10Fignate 11. (Some
more results for a different partition of learnitagting dataset are shown on Figure 12).
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Observations:

-The “independent Bayesian” fusion is better tHam ‘dependent Bayesian”. It is understandable kmx@mdependent
Bayesian takes a strong assumption (the indeperddrietector®1, D2andD3) which seems not to be true.

-We notice that the “dependant Bayesian” is supgggmn the convex hull of “all possible rules” &for learning and
also testing). This result is interesting becagsesn n primary detectors, the maximum number of operatiamts for

“all possible rules” is2?""* while it is 2" for Bayesian fusion.

6. CONCLUSION

We presented a new framework to fusion detectdrs.i3sues were to synchronize detectors in ordewnté in a binary
classifier framework and then to find an optimized generic way to fusion detectors using Bayekamework. We
presented some results that validate the appra&ehobserved that the Bayesian fusion results atienapin quality
and less complex than the exhaustive approactstfiteall possibilities.
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