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ABSTRACT 

This paper presents a new fusion scheme for enhancing the result quality based on the combination of multiple different 
detectors. We present a study showing the fusion of multiple video analysis detectors like “detecting unattended 
luggage” in video sequences. One of the problems is the time jitter between different detectors, i.e. typically one system 
can trigger an event several seconds before another one. Another issue is the computation of the adequate fusion of 
realigned events. We propose a fusion system that overcomes these problems by being able (i) In the learning stage to 
match off-line the ground truth events with the result of the detectors events using a dynamic programming scheme (ii) 
To learn the relation between ground truth and result (iii) To fusion in real-time the events from different detectors 
thanks to the learning stage in order to maximize the global quality of result. We show promising results by combining 
outputs of different video analysis detector technologies.   
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1. INTRODUCTION 

There is a distinction between detection and classification. Event detection is the triggering of state change of an entity 
along the time. Therefore, event detector is a not as simple as a system that outputs « YES » or « NO » to each input 
instance like a simple binary classifier. One common approach is to extract features and then recognize the class as a 
“known”. Lots of efforts have been dedicated to classification. Therefore lots of efforts have been also done on the 
fusion of classifiers (e.g. one classifier uses the DCT coefficients to choose the corresponding class of an image while 
another classifier uses local colour histograms). But there is a lack in fusion of detectors. Indeed, it is difficult to define 
precisely when exactly any event occurs. The major problem is the time jitter between different detector systems used in 
parallel for a same kind of event, i.e. typically one system can trigger an event several seconds before another one. While 
it is easy to combine the result of two classifiers from a simple instance (e.g. an image), it is quite difficult to just match 
the result of two detectors in order to combine them to take a decision. Some methods exist but suffer from various 
drawbacks and instabilities. 

We propose a system that overcomes these problems. First, in section 2 we introduce the performance evaluation 
methodology with the ROC Space. Then, in section 3, we define the problem of detectors’ fusion with first an offline 
matching of the ground truth events with the result of the detectors events using a dynamic programming scheme. In 
section 4, we propose a Bayesian fusion to learn the relation between ground truth and result. In section 5, we show 
some promising results in automatic video surveillance application by combining outputs of different video analysis 
detector technologies: one based on object trajectories analysis and the other one based purely on the pixel processing 
level. Finally, we conclude in section 6. 

2. ROC SPACE 

Detection evaluation is done with the comparison of observed (result) and true values (also called ground truth). It 
generates a 2x2 contingency table that expresses the correct and false matches between the two populations based on:  

·  True positives: the number of observations confirmed by the ground truth, 

·  False positives: the number of observations not matched in the ground truth, 

·  True negatives: the number of observations rejected but part of ground truth, 

·  False negatives: the number of observations erroneously accepted as belonging to the ground truth. 



 
 

 
 

General results [1][2] are summarised in the Table 1. Some useful derived metrics like detection rate (sensitivity) 
Ntp/(Ntp+Nfn) and false positive rate Nfp/(Nfp+Ntn) are important for gathering detection systems’ performances [3][4]. 

 

Ground truth System Observation  
Positive Negative 

Positive Ntp  (true positives) Nfp (false positives) 
Negative Nfn (false negatives) Ntn (true negatives) 

Table 1: Boolean contingency table for comparison of GT and RS. 

 

It is difficult to compare two algorithms with different detection rates and false positive rates and determine which is 
best. Therefore, ROC (Receiver Operating Characteristics) space is used. This space characterizes the system score 
between two conflicting requirements. ROC graphs are two-dimensional graphs in which detection rate is plotted on the 
Y axis and false positive rate is plotted on the X axis. A ROC curve describes the performance of an algorithm at 
different operating points. The ideal classifier is on the upper-left with DR=1 and FAR=0. Usually, on the ROC curve, 
given an operating point P, any operating point with better detection rate (true positive rate) and lower false positive rate 
is a better operating point. Furthermore, given P, any operating point with worse detection rate and higher false positive 
rate is worse operating point. A priori, it is not possible to state for other region of the ROC. (See Figure 1). 

2.1 Interpolation of operating points and convex hull 

From two different operating point of the ROC (A and B), it is possible to construct any operating point C on the straight 
line between A and B [7]. In practice, to obtain the classifier C, we generate a random number between zero and one. If 
the random number is greater than k, apply classifier A to the instance and report its decision, else pass the instance to B. 
Interpolation is interesting when both A and B don’t satisfy the requirements and C does as in Figure 2. 

 

  
Figure 1: Operating points on the ROC curve, 

comparison. 
Figure 2: Interpolation of two Operating points on the 

ROC curve. 

 
As shown by Fawcett [7], we can extend the interpolation of detectors and create the convex hull of all operating points. 
Then to evaluate the overall performance evaluation represented on the ROC curves, it is possible to only keep operating 
points part of the convex hull: We call it the ROC Convex Hull (ROCCH). (See Figure 3) 



 
 

 
 

 
Figure 3: ROC  Convex Hull (ROCCH) made from all 

operating points. 

3. FUSION OF EVENT DETECTORS 

In this section, we assume to have different event/object primary detectors and we want to fusion them in order to 
maximize the quality of the new set of hybrid event/object detectors [10]. In the case of fusion of event detectors, one 
important point is the synchronization of all detectors [6]. Indeed for binary classifiers fusion a direct correspondence 
between decisions can be achieved (Figure 4a) while for detector fusion, a preliminary event-to-event matching is 
needed (Figure 4b).  

(a) 
Classifier 1 results 0 0 1 0 1 1 
Classifier 2 results 0 1 1 1 0 1  

(b) 
 

time

Detector 1

Detector 2  
Figure 4: Difference of evaluation problem between (a) binary classifier and (b) event detection. 

 

Let clarify the definition of the problem: We have several primary event detectors that should detect the same event but 
with different technologies, providers or modalities. Table 2 shows a toy example where the video sequence lasts 1 hour 
from 10:00 to 11:00 with 9 events to detect1 and the primary detectors are D1, D2 and D3. The goal is to infer the 
ground truth (GT) from D1, D2 and D3. The solution is a set of hybrid detectors (also called rules) 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. 

                                                 
1 We notice that in real case we should have more data in order to have something statistically representative. 



 
 

 
 

We assume that the possible errors of the event detection systems are a set of false positives, false negatives, delays and 
anticipations. In practical terms, it means that, sometimes, it allows no match between events of ground truth and results, 
matches could also be performed with events having different time-stamps. The aim of the proposed approach is to 
process this dynamic re-alignment of the system’s output according to the ground truth in an objective and automatic 
way. This is solved [12] using a dynamic programming algorithm where false positives and false negatives and delays 
are charged with pre-defined costs. By maintaining the decision used to obtain the minimum cost in each step, we obtain, 
in essence, an explanation of the errors that arise in processing the input [5]. From this fair evaluation procedure we can 
define for each primary detector D1, D2 and D3 the good detections (GD) and false detection (FD) as shown in Table 3. 
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Figure 5: Example of matches between result and ground truth. 

 

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 term of Good Detections (GD) and False Detections (FD). 

 

Using this good/false evaluation of detector, it is possible to derive some basic statistics. From Table 4, we observe that 
D3 is better than D2 and D1. We can display the three primary detectors in the ROC 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 

value 
83.3% of detection are 
GD 

80% of detection are GD  100% of detection are 
GD 

Table 4: summarization of the three detectors evaluation. 

 

From Table 3, we also remark that at time 10:02:15, using these three detectors, one event of the GT is not detected by 
any of primary detectors D1, D2 or D3. It thus is impossible to trigger that event without help of the GT. Taking into 
account there are nine events in the GT, only 8/9=88.8% of GT event could be detected using the three detectors in any 
optimal approach. It means that a hybrid-detector rate of =MAXDR 88.8% is a reasonable limit for a fusion of detectors.  
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Figure 6: The Three detectors in the Roc graph. 

 

After performing the matching process, we represent the result of ground truth and detectors D1, D2 and D3 in a 
synchronized way in Table 5: 

 

Time of events 
Ground truth  Detector D1  Detector D2  Detector D3  

10:02:15 true 10:02:15 false 10:02:15 false 10:02:15 false 
10:13:05 true 10:13:05 true 10:13:05 true 10:13:05 true 
10:16:35 true 10:16:35 true 10:16:35 false 10:16:35 false 
10:18:23 true 10:18:23 false 10:18:24 true 10:18:24 true 
10:25:12 false 10:25:12 true 10:25:12 false 10:25:12 false 
10:35:04 true 10:35:04 false 10:35:04 true 10:35:05 true 
10:38:34 true 10:38:34 false 10:38:34 false 10:38:44 true 
10:43:27 true 10:43:25 true 10:43:27 false 10:43:28 true 
10:51:54 true 10:51:52 true 10:51:53 true 10:51:54 false 
10:55:36 false 10:55:36 false 10:55:36 true 10:55:36 false 
10:58:22 true 10:58:24 true 10:58:22 false 10:58:22 false 

Table 5: Ground truth + detectors D1, D2 and D3 output (synchronized). 
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 From this table, we see that the number of rows, i.e. considered cases, is dependant of the different outputs of D1, D2, 
D3 and GT (in fact if at least one of the four triggers an event, there is a new row in the table). We notice that in Table 5 
now appears some “true negative” (e.g. D2 and D3 at 10:25:12).  

Let’s define then the set W as the set of “rows” of the table where 321 DDD ÈÈ  is true: We only consider cases where 
at least one detector is true. Indeed W represents alarms triggered in a real-scale condition (where there is no available 

GT). Thus DRW should be multiplied by MAXDR  to know the exact DR (2).  

W´= DRDRDR MAX  (2) 

 



 
 

 
 

At this stage, we consider the problem as a fusion of classifiers2: choose the estimated value of GT knowing the values 
of D1, D2 and D3 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 one does not choose a given DR or FAR. Thus the solution is a set of 
operating points that compose a ROC convex hull (ROCCH). { }.,,, etcFFFF CBAionOptimalFus = . Some techniques exist in 

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

 

4. BAYESIAN FUSION: METHODOLOGY 

We propose to find the best fusion of D1, D2 and D3 in order to have the best estimation of the GT (in the set W). We 
propose to use Bayesian classifier learning techniques to estimate )3,2,1( DDDGTP : 

)3,2,1(
)3,2,1,(

)3,2,1(
DDDP

DDDGTP
DDDGTP =  (4) 

 

We define F1 the optimal (in term of best estimation of GT) that triggers an event when P(GT=1|D1,D2,D3)>=0.5. The 
practical computation of F1 is developed as follow: We first combine the prior probabilities P(D1,D2,D3) for each 
combination of D1,D2,and D3. Then we store the different GT possibilities according to each combination. In each row, 
we can compute the number of GT=0 and GT=1 and then the probability P(GT,D1,D2,D3). And finally 
P(GT|D1,D2,D3). The overall description is shown on Table 6 (True and 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,D1,D2,D3) GT D1 D2 D3 P(D1,D2,D3) 
1 1 1 1/10 1 1 0 0 1 1/10 
0 0 0 0/10 0 0 0 1 0 1/10 
1 1 1 2/10 2 1/1 0 1 1 2/10 
0 1 0.66 2/10 2 0/1/1 1 0 0 3/10 
1 1 1 1/10 1 1 1 0 1 1/10 
1 1 1 1/10 1 1 1 1 0 1/10 
1 1 1 1/10 1 1 1 1 1 1/10 

Table 6: Overall description of detectors’ fusion.  

 

Let F the hybrid detector, detection rate and number of false alarms are computed as follow: 

Detection rate:                           

�

�
=

=´

=W

3,2,1

3,2,1

)3,2,1,1(

)3,2,1,1()3,2,1(

DDD

DDDF

DDDGTP

DDDGTPDDDF

DR  

Number of false alarm:          � =´=
3,2,1

)3,2,1,0()3,2,1(
DDD

F DDDGTcardDDDFFA  

The fusion F1 triggers an event for P(GT=1|D1,D2,D3)>=0.5  Let’s find the performance evaluation of F1.  

                                                 
2 In the W space, the detector is model as a binary classifier. 
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On Figure 7, we observe that the hybrid-detector F1 is above the convex hull of { }3,2,1 DDD  thus the fusion F1 
enhances the system. Indeed, the hybrid detector F1 is optimized to give the best estimation answer (true or false) 
according to the value of (D1, D2, D3), i.e. it maximizes the probability of good answer: good detections + good non 
detections thus the number of GD minus the number of FA. Note that this optimization criterion is not based on (3).  

We try to tune the threshold value of the decision rule as experimentation to observe the results. The basic idea is to give 
less or more importance to the maximization of DR and the minimization of FAR. Thus, we propose another fusion 
algorithm F2 which answers true only when P(GT=1|D1,D2,D3)>0.7.  

 

%752 =W
FDR ; %66.66%88.88%7522 =´=´= W

F
MAX

F DRDRDR ; 02 =FFA  

 

We extend this scheme to the fusion F3 that answers true when P(GT=1|D1,D2,D3)>=0. (all elements of W) and F4 that 
answers true when P(GT=1|D1,D2,D3)>1 (never). Resulted hybrid-detectors are plotted in Figure 7. 
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Figure 7: Different fusions rules F1, F2, F3 and F4 of the three detectors. 



 
 

 
 

Table 6 shows an interesting outcome: The number of row of the table is N=2n-1 with n the number of primary detectors. 
For each row, there is a specific configuration of D1, D2, D3 and then a specific value of P(GT=1|D1,D2,D3) between 0 
and 1. So if we vary a between 0 and 1, there is maximum one transition in the P(GT=1|D1,D2,D3)< a. We conclude 
that for n primary detectors, the Bayesian fusion is creating maximum (2n) hybrid detectors. This result is similar to the 
result of Barreno et al [125] for finding the meta-classifier with the optimal ROC curve using likelihood. 

The fusion we’ve achieved takes into account that the detectors could be dependent. But, it is possible to take the 
assumption that detectors are independent. In this case, the process is simpler because of (5). In section 5 we see results 
on real datasets for the Bayesian fusion either for dependent detectors and independent detectors hypothesis.  

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

 

5. EXPERIMENTAL RESULTS 

To evaluate the performance of fusion approaches, we test them on a real application “detection of abandoned object” 
which is quite popular in video analysis community. This scenario has been addressed many times. 

5.1 Datasets 

The used dataset (Table 7) is made of about 160 video sequences extracted from 7 different datasets for a total of about 5 
hours and 173 events “abandoned object”. We note that most of these datasets are publicly available [11] and commonly 
used by industrials and scientists.  

 

Name of dataset Number of abandoned 
object events 

Number of videos 
sequences 

Total duration of 
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] 3 3 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 used for testing the fusion methods. 

 

5.2 Procedure 

The procedure of performance evaluation partitions randomly the datasets in two groups of sequences for the learning 
stage and the testing stage. During the learning stage, fusion rules (hybrid detectors) which operating points are on the 
convex hull are kept and evaluated in the test stage. (See Figure 7). We process this partition several times in order to 
check that the results shown are statistically representative3. We try to have as statistically similar as possible learning 
and testing datasets but some differences are remaining. Indeed, the limits of MAXDR  and MAXFAR  of W differ from 
the learning stage and testing stage (see Figure 10 vs. Figure 11: It is because the learning and testing datasets are not 
completely statistically the same. Indeed, the number of events per hour in learning dataset is 19.56/h while it is 23.08/h 
in testing). To overcome that problem in future we should increase the set of videos shoots.  

                                                 
3 There are no convenient generic methods for computing the variance in ROC curves analysis. 
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Figure 8: Procedure evaluation of fusion system evaluation. 
 

We use three primary detectors from two different VIS: AD1 and AD3 are “Activity Detection”. AD is working by 
finding stationary object with pixel based computer vision. MG stands for “Multitel Guard“, it is based on segmentation, 
tracking of mobile objects and then scenario detection. Note that these algorithms have not been setup to work for a 
specific dataset, i.e. the parameters are the same for all video sequences. The three primary detectors are shown in Figure 
9. The metrics for comparing the result are the couples of (DR, FAR) displayed on a ROC space. 

 

 

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 different possible outputs knowing the values of D1, D2 and D3. This fusion 
technique is interesting because it enables to find out what is the best result achieved for any other techniques. Never the 
less practically speaking, the number of possible rules grows exponentially. For n detectors the number of possible 



 
 

 
 

related n-uplets output outcomes is N=2n-1 (we do not count the possibility (0,0,…,0) when none of the detector 

triggers). The number of possible fusion rules is 1222 -=
nN . Thus this technique is conceivable only for maximum 4 

detectors as shown in Table 8. 

 
Number of primary detectors Numbers of output outcomes 

Number of possible hybrid-
detectors 

1 1 1 
2 3 8 
3 7 128 
4 15 32768 
5 31 2147483648 

Table 8: Number of possible hybrid-detectors given the number of primary detectors. 

 

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

5.4 Results 

On the learning phase we select the optimal rules related to operating points on the ROCCH of “all possible rules”, 
“independent Bayesian strategy” and “dependent Bayesian strategy”. We then report these rules operating points during 
the testing stage (hulls in the testing phase could be non-convex). Results are shown on Figure 10 and Figure 11. (Some 
more results for a different partition of learning/testing dataset are shown on Figure 12). 

 

 

Figure 10: Bayesian fusion of the three detectors on learning dataset. 



 
 

 
 

 

Figure 11: Bayesian fusion of the three detectors on testing dataset. 

 

Observations:  

-The “independent Bayesian” fusion is better than the “dependent Bayesian”. It is understandable because independent 
Bayesian takes a strong assumption (the independence of detectors D1, D2 and D3) which seems not to be true. 

-We notice that the “dependant Bayesian” is superposed on the convex hull of “all possible rules” (true for learning and 
also testing). This result is interesting because, given n primary detectors, the maximum number of operating points for 

“all possible rules” is 122 -n

 while it is n2  for Bayesian fusion. 

6. CONCLUSION 

We presented a new framework to fusion detectors. The issues were to synchronize detectors in order to work in a binary 
classifier framework and then to find an optimized and generic way to fusion detectors using Bayesian framework. We 
presented some results that validate the approach. We observed that the Bayesian fusion results are optimal in quality 
and less complex than the exhaustive approach of testing all possibilities.  
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Figure 12: Roc results for the "all rules" and "baysian rules", ref:result3_04 (left:learning, right: testing). 


