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Abstract 

 
In recent years, the demand on video analysis 
applications [1, 2]  such as video surveillance and 
marketing is growing rapidly. A number of solutions 
exist but they need to be evaluated. This point is very 
important for two reasons: the proof of the objective 
quality of the system for industrials, the possibility to 
highlight improvement during research and thus to 
understand better how the system works to improve it 
adequately. This paper describes a new algorithm that 
can evaluate a class of detection systems in the case of 
frequent events; for example, people detection in a 
corridor or cars on the motorways. To do so, we 
introduce an automatic re-alignment between results 
and ground truth by using dynamic programming. The 
second point of the paper describes, as an example, a 
practical implementation of a stand alone system that 
can perform counting of people in a shopping center. 
Finally we evaluate the performance of this system. 
 
Keywords: Performance evaluation, event detection, 
counting people, alignment, dynamic programming. 
 
 
1. Introduction 
 

Since the last decade, many vision algorithms have 
been proposed that try to solve the problem of scene 
understanding in many specific applications. The level 
of understanding varies highly from only detecting 
moving objects and outputting their bounding boxes 
(e.g. the Open Source project “Motion1”  ), to tracking 
of the objects over multiple cameras, thereby learning 
common paths and appearance points [3, 4] or depth 
maps and amount of activity in the scene [5]. Thus, 
many applications could be derived from these 
trajectories. Examples are traffic monitoring, the 
behavior analysis and the counting of people for 

                                                           
1 Project Motion: http://sourceforge.net/projects/motion/ 

marketing applications. However to check if a product 
satisfies the requirement of an application, objective 
evaluation is needed. 

The importance of performance evaluation of Video 
content Analysis (VCA) algorithms has been addressed 
by different projects, and has led to various research 
publications. From the year 2000, the IEEE holds a 
yearly workshop on Performance Evaluation of 
Tracking and Surveillance (PETS). 

Since a complete VCA system includes multiple 
semantic levels, evaluation can be performed at certain 
levels. VCA algorithms that only perform 
segmentation of moving objects and no tracking over 
multiple video frames can only be evaluated on their 
pixel-based segmentation. Algorithms that only output 
alarms (e.g. car detected) can only be evaluated for 
proper classification, and not for their segmentation 
quality. Therefore, the first requirement is to define 
exactly what should be evaluated for each semantic 
level. For each level, different metrics are required. 

 
Multiple semantic levels for evaluation can be 

defined [6]. 
1) Pixel-level: segmentation in moving objects and 

static background. 
2) Object-based evaluation per frame (object-

features including object type, size). 
3) Object-based evaluation over an object life time 

(object-features including speed, trajectory).  
4) Behavior of objects; e.g. person entering a room. 
  
In this article we present a new algorithm that 

evaluates level 4. Some related work exists [7, 8] but is 
related to rare events including left luggage detection 
or other alarm triggering. The new presented approach 
has been designed to cope with frequent event 
detection that needs automatic re-alignment between 
result (RS) and ground truth (GT). We propose to use 
Dynamic Programming (DP).  

 
The paper is organized as follows: Section 2 

describes the related work; Section 3 is devoted to the 



presentation of the new approach. Section 4 introduces 
a people counting system and gives some results. 
Section 5 concludes and indicates future work. 
 
2. Related work 
 

A video event detection system is a method that 
triggers events when something specific happens in the 
scene. This event could happen when someone leaves 
a luggage, if there is a fight between two people or just 
during the crossing of a region (for counting 
applications). Typically, the output of such a system is 
a set of time-stamped events. Thus the performance 
evaluation of the system, given a set of video 
sequences, is perfomed by comparing the result set and 
the ground truth set.  

The approach of Desurmont et al [7], for evaluation 
of left luggage detection gives a Boolean result for 
each sequence: they have tested over 217 sequences 
among which 26 contain a left luggage. The output of 
the system consists in outputting “positive”  or 
“negative”  for each sequence. The overall evaluation 
result for each sequence is concatenated in two 
metrics: Detection Rate (DR) and False Alarm Rate 
(FAR). The major drawback of this approach is that it 
is not possible to cope with more than one alarm in a 
sequence; moreover it is not possible to distinguish any 
delay or anticipation of alarm triggering. 

Bruneaut et al [8] propose a metric in the 
framework of Challenge of Real-time Event Detection 
Solutions (CREDS) in 2005. It matches events of 
ground truth and result with handling of temporal shift. 
The major drawback of this method occurs when the 
events are so frequent that the possibility of anticipated 
and delayed events entails the overlapping of several 
events. In this case, an alignment seems to be the 
solution of the problem. It has been already introduced 
by Lopresti [9] for performance evaluation of text 
processing. Indeed, he proposes to use an approximate 
string matching to align two linear streams of text, one 
representing Optical Character Recognition (OCR) 
results and the other representing the ground truth. 
This can be solved using a DP algorithm where 
deletions, insertions, and mismatches are charged 
positive costs, and exact matches are charged negative 
costs. Lopresti shows that by maintaining the decision 
used to obtain the minimum in each step, we obtain, in 
essence, an explanation of the errors that arise in 
processing the input. 

In the field of object tracking, Brown et al [10] 
propose a tracking evaluation with a framework to 
determine a match between results tracks and ground 
truth tracks. However, this match is not necessarily the 

best one. Needham et al [11] propose, for the 
matching, many methods to compare trajectories that 
can differ by spatial or temporal bias. They also bring 
up the possibility to use dynamic programming to align 
trajectories. 

 
3. The dynamic re-alignment 
 
3.1. Introduction 
 

We assume that the possible deviations of the event 
detection system 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. Figure 1 shows an example: a, b, g and d are 
real events of the same type in the ground truth 
sequence; A, B, C and D are the results of a detection 
system.  

timeGround truth
Result

A B C D

a b g d  
Figure 1. Representation of events in the time-line. 

 
There are 2 basic interpretations that depend on the 

constraints of matching. When looking at all the events 
in the same timeline to analyze the system, one will 
probably match as follow: A-a, B-b, C-d and thus 
concludes that there are 3 good detections, 1 false 
alarm (D) and a misdetection (g). This possible 
interpretation I1 is not the only one but looks the most 
plausible and suggests a re-alignment of B-b and C-d. 
Another interpretation I2 could match: A-a, B-b, C-g, 
D-d and conclude to neither misdetection nor false 
alarms but assume a higher delay of the evaluated 
system. In fact, the most probable interpretation I1 or I2 
depends directly of the values of the maximum delays 
(e.g. to allow to match D and d). That is why we need 
to add two constraints which are the maximum for the 
delays and the anticipations. 

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. 
Each type of event is evaluated independently.   

 
3.2. Costs and matching 
 

The idea is to minimize a global cost of matching 
events. We define a distance disti,j between two events 
i,j disti,j=|ti-tj| ; ti and tj are the timestamps in seconds 



of events i and j respectively. Table 1 and Figure 2 
show the result for our example. This distance could 
also be asymmetric in order to give advantage to 
anticipation or deletion. More complex distances could 
be introduced: The spatial position of the event in the 
scene could help to match better events. We also set a 
cost to false positive (FPDist) and false negative 
(FNDist). These costs could be tuned to decide the 
maximum delay and anticipation. We setup FPDist= 
FNDist=3s.  

From these constraints we can compute the global 
distance of the two interpretations. Figure 3 shows two 
paths from the two possible interpretations made in 
Section 3.1. I1 has the lower cost. A circle is a match; a 
cross is a false positive (FP) or false negative (FN). 

 
Table 1. Time of occurrence of events. 

Event a A b B g C d D 

Time 0 0 10 11 13 17 18 25 
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Figure 2. Matr ix showing the distances between 
ground truth (GT) and system result events (RS).��������
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Figure 3. Two different interpretations of system 
results. 

3.3. Dynamic programming 
 
In this section, we will describe how the DP finds 
automatically the best path. We define gDisti,j as the 
global distance between the first i ground truth events 
and j result events. The initial condition and the 
recurrence of the DP are: 
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gDistMi,j considers a match of i and j (when two lines 
of the grid cross). On the other hand gDisti,j deals with 
FN or FP (when two “dashed”  lines of the grid cross). 
By maintaining the minimum in each step, the dynamic 
programming algorithm allows to backtrack the best 
matching set. Figure 4 shows that process and 
highlights the best path, which is in this case I1. 
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Figure 4. Schema showing the computation of the 
DP and the backtracking in bold.��������
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3.4 Results display 
 
From the best path, it is straightforward to count the 
number of matches, the number of false detections and 
the number of non-detections. It is also possible to 
display them on a graphical time-line as is shown in 
the analysis tool implementation in figure 5. At the 



bottom, there are the ground truth events, on the top, 
the results’  events. We display two types of events 
“green”  and “blue”  as little disks. When events match, 
there is a line matching them. When an event is not 
matched (false detection or non detection) there is a 
red cross. 
 

 
Figure 5. View of a tool that displays matchings. 

 
4. Counting method overview 
 

The goal of the counting method is to count people 
crossing a region, maintaining 2 counters, one for each 
direction, positive and negative. The positive direction 
is provided as an input parameter, as are a number of 
detection lines, as shown on figure 6. A previous 
method using foreground extraction and multiple 
hypothesis tracking of blobs has already been 
presented in previous work [12]. Other works can be 
found in PETS 2002 [13]. 

 

 
Figure 6. View of a scene of a shopping center . On 
the top, one can see the configuration of the scene. 

On the bottom, the camera view is shown. 

Other input parameters of the methods are the 
expected mean size of people along detection lines, a 
sensibility threshold, as well as other timing and 
luminance thresholds. 

 
4.1. Detection lines 
 

Detection of people is performed individually on 
the multiple detection lines. A number of steps is 
performed in this order: 

 
1) compute background estimation 
2) compute foreground extraction 
3) compute automatic thresholding using Otsu 

method [14] + mathematical morphology operators 
4) perform shadows removal 
5) split/merge blobs according to size parameters 

to obtain candidates 
6) evaluate the speed of candidates 
7) perform tracking and collision detection from 

previous frames 
 
This is mainly 1D processing, that is, the pixels of 

each detection line. 2D processing is used only for step 
6. 

Background estimation is performed, in step 1, 
using two classes of algorithms, either Gaussian 
mixture modeling [15] or simple time recursive 
filtering of the form of Equation (4) where B(i) and I(i) 
are respectively background and  Image at time i and a 
a parameter between 0 and 1. 

 
B(i) = (1- a )×B(i - 1) +a ×I(i)  (4) 

 
Step 2 speaks by itself, and step 3 permits the 

separation of both classes, taking the frame difference 
as input. The Otsu [14] method assumes the presence 
of 2 classes in the histogram, which may not be the 
case (nobody on the detection lines), which led us to 
clamp the threshold to a meaningful luminance 
interval. If a value for this threshold is outside of that 
interval, we conclude that the 2-classes hypothesis is 
not valid and that there is nobody on the detection line. 
Mathematical morphology is performed to fill holes 
and remove unwanted zones (too small) according to 
the expected size of people. 

Shadow removal in step 4 is achieved by taking into 
account these simple considerations about shadows, 
that are: a shadow zone is darker than the same zone 
lit; a shadow is a constant offset, for neighbor pixels, 
in the luminance domain; a shadow generally affects 
zones of a certain size (bigger than one pixel); a 
shadow is darker, but generally not black. The shadow 



removal technique works by comparing pixel 
luminance of the current frame to the background 
frame. If the value is lower, then we evaluate the 
standard deviation of the luminance value along a pixel 
window, and compare it to a threshold that is provided 
as a parameter. Mathematical morphology dilatation is 
performed to fill holes and preserve shadow 
boundaries, where the standard deviation is not zero. 
Finally, a threshold on the luminance difference is 
used. Shadows are generally correctly evaluated, 
except for the case of people having a texture similar 
to the background but constantly darker (which is quite 
rare). This is illustrated on figure 7, yellow lines 
showing the parts of the image along the detection 
lines that are evaluated as shadows. 

In step 5, prior knowledge of expected people size 
is used to split the blobs along the detection lines. We 
do not consider occlusion at this time, although a more 
complete method is currently being developed, 
accounting for camera perspective and occlusions.  

Next, in step 6, the system requires the walking 
direction to increment the corresponding counter, 
positive or negative. The speed of the blobs, that we 
name candidates, is computed using the block-
matching algorithm on 8x8 blocks on a subsampled 
image, and only in the neighborhood of the detection 
lines. The reason for subsampling is to capture details 
that are specific to the walking persons into the 8x8 
window; the factor thus depends on people size in the 
original image. Mean candidate speed is evaluated by 
taking the mean of the speeds provided by the block-
matching algorithm in the blob region.  

 

Figure 7. Shadow detection/removal. 
 

Finally, tracking is performed in step 7, where 
candidates from successive frames are matched against 
each other. This permits to differentiate between 
distinct people. This is accomplished by comparing the 
candidates of the current frame to the ones of previous 
frames, in terms of spatial distance. New candidates 
replace old ones if the corresponding spatial region 
stays inactive for a given duration (we generally use 
value 0.3 s.). 

 
4.2. Combining multiple detection lines 

 
Using a single counting line is generally too 

sensitive, and over counts people. This leads us to fuse 
information from multiple counting lines. The scheme 
for combining that information is to consider that a 
person going in one direction should cross the lines in 
a specific order, compatible with the estimated speed.  

N lines are used, and that correspondence (speed / 
cross time) is searched in their sets of candidates. 
Additional criteria, such as compatibility between 
speed and covered distance across lines, could also be 
used. 

In practice, using three lines leads to more robust 
results than when using a single one. Using more than 
three lines does not improve the results quantitatively, 
although the processing time is directly proportional to 
the number of lines. 

 
4.3. Visual setup and debugging 

 
To help setup the system, a number of visual 

feedback mechanisms were implemented. This allows 
to graphically assessing the quality of candidate 
detection, speed estimate and various other 
subsystems. This is illustrated in figure 3. 
 
5. Results and per formance 

 
We report hereunder the results. We have decided 

to test it on 3 real sequences taken from a shopping 
center (figure 6) with a cumulated duration of 1 hour 
of video at different times in the day. All sequences are 
MPEG4 8 bits grey levels 25 fps and were taken from 
fixed PAL (768 x 576 pixels) cameras. We setup the 
number of detection lines to three. 
 
5.1. Results and discussion 
 

We have use the Boolean contingency table as 
described in [16]: Ntp is the number of observations 
confirmed by the ground truth. Nfp is the number of 
observations not matched in the ground truth. Nfn is the 



number of observations erroneously accepted as 
belonging to the ground truth. Note that a prior step 
separates each type of events (e.g. “ left luggage”  and 
“people fighting”) to measure the deviation of each 
type. Here, there are two types of events: “N1”  and 
“N2”  which are triggered when a person crosses over 
the detection lines respectively in each direction. Table 
3, 4 and 5 respectively give the results for the three 
sequences. 
 
Table 2. Boolean contingency table.  
 Ground truth 

System 
Observation 

Positive Negative 

Positive Ntp  (true positives) Nfp (false 
positives) 

Negative Nfn (false negatives) N/A 
 

Table 3. Result for  Sequence 1. 
Sequence 1:  star ting at 12:00:00, duration 15 min 

GT RS Error  GT RS Error  
N1 

71 74 +04% 
N2 

55 66 +20% 
Ntp 64 Ntp 53 
Nfn 7 Nfn 3 
Nfp 10 Nfp 12 
DR 90% DR 96% 

 
Table 4. Result for  Sequence 2. 

Sequence 2:  star ting at 16:00:00, duration 15 min 
GT RS Error  GT RS Error  

N1 
72 76 +05% 

N2 
81 99 +22% 

Ntp 64 Ntp 75 
Nfn 8 Nfn 7 
Nfp 12 Nfp 23 
DR 89% DR 93% 

 
Table 5. Result for  Sequence 3. 

Sequence 3:  star ting at 18:00:00, duration 15 min 
GT RS Error  GT RS Error  

N1 
216 225 +04% 

N2 
204 257 +26% 

Ntp 192 Ntp 196 
Nfn 24 Nfn 8 
Nfp 33 Nfp 61 
DR 88% DR 96% 

 
From an application point of view, the interesting 

feature is the error of the counting, i.e. the difference 
between the number of people counted by the system 
and during the ground truth building. For direction N1, 
it is around 5%, but for direction N2, it is around 20% 
! When looking deeper at the results obtained by the 
new evaluation method, one can explain the results 
because for N2, there are better detection rates than for 
N1, but the number of false alarms is double. We 

found that the false alarm rate is bigger in one 
direction, because people that leave the commercial 
center usually stop around the counting zone. 

However, the implemented method of displaying 
the matching of events between ground truth and 
systems results (figure 5), allows us to display non 
detection and false detection one-by-one with the 
video shot. Thus it turned out that the ground truth 
sometimes contains errors. 
 
6. Conclusion and future work 

 
In this paper, we have proposed a new robust metric 

for global performance evaluation of events detection. 
It is interesting to find out precisely which events are 
“ false” . We described a counting method and 
evaluated it according to the new framework. Future 
work will extend the metric to the handling of 
substitution of events or aggregation of events (e.g. 
sometimes there are two detections for a single event). 
Future work will also take into account the 
implementation practical standardization of the metric 
(the definition of the CEP/XML format, etc.). 
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