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1 Introduction 

1.1 The Aim of the activity 
 
The activity preparing the production of the Deliverable 4.1 encompasses all the topics addressed 
in the WP4:  
 

- Topic 4.1: Requirements for validation 
- Topic 4.2: MCA annotation 
- Topic 4.3: MCA validation 
- Topic 4.4: Management and presentation 
- Topic 4.5: Display chain simulation for determining medical quality 

 
Except topic 4.5, the topics of WP4 are represented in a flowchart on figure 1. They correspond to 
the different elements of a complete MCA validation chain. Database of images or video is 
required as input. The images/videos from the database need to be annotated for building the 
ground truth (GT). MCA algorithms are applied and should be evaluated using the GT. The last 
stage is an important one corresponding to the presentation of the results. 
The activity should map with the different domains that are targeted within the CANTATA project:  
 

- Consumer electronics 
- Medical imaging 
- Surveillance and monitoring 

 
Deliverable D4.1 aims to establish a complete state-of-the-art of MCA annotation, validation and 
presentation techniques. MCA meant Multi-Content-Analysis regrouping Image and video content 
analysis.  Therefore, MCA could be developed for static or dynamic applications. For instance, 
some Video Content Analysis (VCA) validation techniques based on frame analysis or Image 
Content Analysis (ICA) validation techniques can be applied on videos and on images. 
Nevertheless, not all VCA validation techniques can be used for ICA. 
 

 
Figure 1:  Validation chain. 

 
A first a state of art of common MCA annotation, validation and presentation techniques and the 
validation requirements techniques is presented in the next section.  Then, a state of the art for 
each application domain is presented in separated sections: 
 

- Consumer electronics 
- Medical imaging 
- Surveillance and monitoring 
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The list is not exhaustive; techniques described or cited in the next section could be applied to 
several domains. The next section is inspired from a publication in the context of Candela project 
[1]. 
 

1.2 Common state of art for the different domains of application 
 

1.2.1 Requirements for validation 
 
Since the last decade, many algorithms have been proposed that try to solve the problem of 
scene understanding (content analysis). The level of understanding varies highly from only 
detecting moving objects and outputting their bounding boxes (e.g. the OpenSource project 
“Motion”1), to tracking of the objects over multiple cameras, thereby learning common paths and 
appearance points [30, 32] or depth maps and amount of activity in the scene [31]. 
Apart from functional testing, there are several other reasons for evaluating the MCA systems; 
scientific interest, measuring the improvement during development, benchmarking with 
competitors, commercial purposes and finally legal/regulatory requirements. However, most 
literature describing MCA algorithms, cannot give objective measures on the quality of the results. 
For example, for video compression algorithms the criterion is to minimize the absolute difference 
between the decoded result and the original with the PSNR as standard metric. However, for MCA 
algorithms no standard with criteria exists. Some evaluation metrics have already been proposed 
in the literature, but most cover only limited part of a complete MCA system. For the validation, as 
shown on Figure 1, a database is required and in addition annotation methods to prepare the 
Ground truth. 

1.2.2 MCA annotation 
 
GT needs to be made available, describing the true properties of the images sequence. Because 
the level of accuracy of the GT is required to be very high, the process of creation can be quite 
time consuming. Several tools for annotating GT descriptions of images and video scenes have 
been made available. These annotation tools are sometimes referred to as ‘tagging tools’. Some 
of the available annotation tools are listed below. 
The “Open Development environment for evaluation of Video Systems” (ODViS) is a framework 
that can be used to simplify the users annotation task. It allows the embedding of tracking 
algorithms, to create a ‘noisy’ GT description, depending on the quality of the tracking algorithm 
used. Users then only need to manually adjust this first GT description. Next to the annotation 
task, also an evaluation has been included. Jaynes et al. [26] explain that researchers can easily 
define GT data, visualize the behaviour of their surveillance system, and automatically measure 
and report errors in a number of different formats. 
Another project, also enabling both annotation and evaluation of MCA algorithms, is the “Video 
Performance Evaluation Resource” (ViPER) [19, 21]. Results of evaluation can be visualized. 
Collings, Zhou and The [25] propose an open source tracking test bed and evaluation website. 
They designed an annotation tool to be used with Matlab. 
The CAVIAR project provides an annotation tool, written in Java. The source code is available 
from their website2. 

                                                     
1  OpenSource project Motion: http://sourceforge.net/projects/motion/ 
2  Project IST CAVIAR (IST-2001-37540), EC Funded: 
http://homepages.inf.ed.ac.uk/rbf/CAVIAR/ 
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Other proposals in literature often mention the use of graphical annotation tools, without much 
detail. Nascimento and Marques [10] describe an annotation tool that provides a tentative 
segmentation that needs to be adjusted by the user to avoid full manual annotation. 
Above mentioned tools have not been evaluated by the authors in much detail, so no objective 
comparison can be provided. However, most tools use different formats to store the annotated GT 
metadata, causing limitations for the reuse of the GT. 
The mentioned annotation tools write the GT descriptions to file. The various tools use different 
formatting of the metadata. Most tools use a proprietary XML description. Details on the format of 
the CAVIAR tool are explained in [32]32. Although a standard format is not mandatory for 
evaluation and benchmarking, it would be convenient. Therefore, the CANDELA project uses a 
limited subset of the MPEG-7 standard. Most important is that the same features are stored. 
Bounding boxes from proprietary XML descriptions can be converted to MPEG-7 descriptions with 
simple tools, as long as both definitions are known. These tools can even be included in the 
performance evaluation system.  
For comparison purposes, the definition of these features described in the GT is very important. If 
the interpretation of a feature in the GT data is different from the interpretation in the MCA 
algorithm, evaluation is not feasible. For example, consider evaluation of object tracking using the 
location of a single point that describes the location of the object over time. What is the exact 
definition of that point describing the location? Is it the centre of the objects bounding box, the 
middle of the bottom line-part of the bounding box, or the median of the positions of all foreground 
pixels in the object? 
No standards have yet been defined on what should be stored in a GT description. Because most 
MCA algorithms are evaluated for their segmentation or tracking performance, only segmentation 
masks or bounding boxes are stored. However, to evaluate higher level descriptions of the scene, 
more data will have to be supplied by the user during the annotation process (e.g. the real-world 
object height in meters). The MPEG-7 standard defines how bounding boxes and higher-level 
descriptions can be defined, but the total set of descriptors in the standard is too extensive for 
evaluating most MCA algorithms. 
Another problem is the occlusion of objects. Black, Ellis and Rosin [29] already mention that this 
is a difficult issue, since the person that annotates the image or the video has to decide upon the 
desired behaviour of a MCA algorithm is. Should the algorithm keep tracking a (partially) occluded 
object? 
 

1.2.3 MCA validation 
 
The importance of performance evaluation of MCA algorithms has been addressed by various 
projects, and has led to various research publications. In 2000, the IEEE holds a yearly workshop 
on Performance Evaluation of Tracking and Surveillance (PETS). Discussed is the evaluation of 
the tracking performance of algorithms. However, these performances are mostly referring to 
quality of the result and not to the computational performance that is very relevant for real-time 
systems, i.e. hardware and software constraints like computation time and memory requirements. 
This indicates that algorithm development is still in its infancy, i.e. optimized implementations for 
industrial applicability are just being considered. Note that real-time constraints have significant 
impact on the chosen algorithm, the performance and timing properties such as latency and 
throughput. Due to the complexity of vision algorithms, the needed resources usually depend on 
the video content (e.g. very dynamic scenes compared to static low-motion video typically result in 
higher processing requirements). Other issues indirectly related to content analysis are database 
retrieval, network transmission and video coding. These could be evaluated with well known 
standard metrics like PSNR for image quality, bandwidth and maximum delay for network. 
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However, for the remainder of this section, we will only consider evaluation methods that describe 
the functional performance of MCA algorithms. 
 
Since a complete MCA system comprises multiple semantic levels, evaluation can be done on 
certain levels. MCA algorithms that only perform segmentation of moving objects, and no tracking 
over multiple video frames, can only be evaluated to 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, first needs to be defined what exactly should be 
evaluated for each semantic level. For each level, different metrics are required. 
 
Multiple semantic levels for evaluation can be defined.  

Pixel-level; image-frame segmentation for ICA and VCA 
Object-based evaluation per frame for VCA 
Object-based evaluation over an objects life time for VCA 
Object-features like object type, speed, size (in meters) 

 
Most algorithms operate in a bottom-up fashion. Segmentation of the video image into static 
background and moving foreground pixels is usually the first step. Since the performance of 
following steps in the MCA chain are depending on this first segmentation step, most of the 
proposed evaluation metrics in literature at this level, are pixel based and only consider the 
segmentation results. In more recent work, object-based evaluation metrics are proposed. 
However, there are quite some issues in this object-based evaluation. On a frame-basis, one can 
compare the overlap of the bounding box of the detected objects with the boxes in the GT. 
However, also the tracking of objects over time should be considered. Splitting of objects in two 
objects should also be taken into account. Recent work shows good improvements in this area 
[10]. We will now discuss some proposals from literature, categorized by the above-discussed 
semantic levels. 
 

Pixel-level; image-frame segmentation for ICA and VCA 
 
Zhang [16] lists multiple evaluation methods for image segmentation. Segmentation can be 
evaluated using analytical or empirical methods. The analytical method considers the principles, 
requirements and complexity of algorithms. In the latter, test video sequences are used to 
measure the quality of the segmentation results. Some pixel-based metrics are defined to 
evaluate segmentation algorithms. 
Correira and Pereira [7] propose metrics for evaluation of image segmentation methods with the 
goal to create objective measures corresponding to evaluation by a human observer. Results are 
shown using the MPEG-4 video test sequences. The authors conclude that evaluation of video 
object segmentation is a problem, for which no satisfying solution is yet available in literature. 
Erdem et al. [12] present three performance evaluation metrics that do not require segmented GT. 
They propose spatial differences of colour and motion and the boundary of the segmented video 
image and the temporal difference between the colour histogram of the object in the current frame 
and previous video frames. The authors show that under certain assumptions, the time-consuming 
annotation of GT is not necessary. However, when more than segmentation only is required, GT 
will have to be generated anyway. 
Prati et al. [11] evaluate multiple shadow segmentation algorithms, using modified detection rate 
and false alarm rate metrics, called the shadow detection rate and the shadow discrimination rate. 
A comparison on multiple algorithms is given on a pixel-level, doing frame-by-frame comparison. 
However, the final result of shadow on the object-level is not considered. 
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Rosin and Ioannidis [13] present an evaluation of eight different threshold algorithms for change 
detection in a surveillance environment. Pixel-based evaluation is applied, but the authors 
conclude that this can sometimes give misleading rankings. 
Renno et al. [9] evaluate four different shadow suppression algorithms, using video from a nightly 
soccer match with quite some shadow because of the lighting used. The used evaluation metrics 
are all based on the number of correctly detected pixels on a frame-basis. The four metrics used 
are the detection rate, the false positive rate, the signal-to-noise ratio and the tracking error. 
Finally, using an average of all values over time, all four algorithms are compared. However, this 
paper only focuses on the segmentation phase and other aspects like splitting and merging of 
multiple objects is not considered. 
Oberti et al. [17] propose the use of Receiver Operating Characteristics (ROC) curves. They 
present pixel-based metrics for evaluation and show that the obtained ROC curves can be used to 
extract useful information about the system performance, when changing external parameters that 
describe the conditions of the scene (e.g. the number of objects in the scene). ROC curves can be 
used to find the optimal working point for a set of parameters. This work is extended in [18] and 
[20]. Gao et al. [23] also use ROC curves to display the performance of multiple segmentation 
algorithms. These curves contain the probability of a false alarm (FA) against the probability of a 
miss detect (MD). 
Chalidabhongse et al. [22] propose Perturbation Detection Rate (PDR) analysis that has some 
advantage over ROC analysis. Four background subtraction algorithms are evaluated for their 
segmentation performance. No GT is needed for the evaluation method, but the method does not 
consider detection rates through the video frame or over time. 
 

Object-based evaluation per frame for VCA 
 
The above-discussed papers all discuss pixel-level evaluation. More recent proposals also 
discuss the object-based performance evaluation. In [19], Mariano et al. present seven metrics for 
evaluation of object detection algorithms by comparing properties of the objects’ bounding boxes. 
The proposed metrics work on both pixel- and object-based comparisons between GT and results. 
However, the authors already mention that the proposed metrics need to be extended for 
algorithms that track objects over time and space. 
Nascimento and Marques [10] propose new metrics that do cover the splitting into, and merging 
from, multiple objects. Several types of errors are considered: splits of foreground regions; 
merges of foreground regions; simultaneous split and merge of foreground regions; false alarms 
and detection failures. False alarms occur when false objects are detected. The detection failures 
are caused by objects that are in the GT and are not detected. The authors evaluated five 
different segmentation algorithms with the proposed metrics using the PETS2001 sequence. 
Region matching is applied using a corresponding matrix to match detected objects in the output 
with objects in the GT. Also the PETS 2004 sequences are evaluated using the metrics as defined 
in the CAVIAR project. The proposed metrics do consider splitting and merging, but only from a 
segmentation point of view. Tracking of objects over time is not considered, which is quite 
important if two objects approach towards each other and the move away again. 
In recently published work, Lazarevic-McManus et al [73] propose localised pixel-based and 
object-based metrics for the evaluation of object detection algorithms in the context of object 
tracking applications. Proposed metrics aim to address issues vital for effective object tracking 
such as: (i) the proportion of true objects located, (ii) the degree of local confusion caused by 
falsely detected objects, and (iii) the degree of fragmentation of true objects. 
In [74], the same group of authors discusses a methodology for the evaluation of object detection 
algorithms in the context of end-user applications, as opposed to the evaluation of the stand-alone 
detection modules. 
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Since a good performance, in the context of a particular end-user application, inevitably requires a 
trade-off between two (or more) desirable metrics, a standardisation of application scenarios for 
the research community is proposed. (For example, algorithms which achieve high detection rates 
at the expense of high false positive rates are not adequate for end-user applications in which 
false alarms are too costly.) They illustrate utilisation of ROC and F-measure techniques for (i) 
system parameters selection and (ii) comparison of performances of multiple algorithms, within 
the trade-off constraints for a specified end-user application scenario. These recommendations 
can be extended to any problem involving evaluation of performance of a binary classifier with 
trade-off constraints. 
 

Object-based evaluation over an objects life time for VCA 
 
The previous proposals did not consider tracking of the objects over time. Needham and Boyle 6 
present evaluation methods for positional tracking (object trajectories); how well can a tracker 
determine the position of the target object? They propose metrics for displacement between two 
trajectories, both in the spatial and the temporal domain and define a measure for the area 
between two trajectories. However, the authors only consider trajectories of equal length. In a 
system that is working with large variations on the input data (consider large, long shadows from 
upcoming sun or mirroring effects in rainy days), the length of the time-interval of the tracked 
objects might not be equal to the length of the interval in the GT. 
Rossi and Bozzoli [15] presented a simple performance evaluation method for their tracking 
system, by comparing how many objects crossed a certain line. This method is very simple and 
requires very little effort for the creation of GT. However, the performance results give a limit 
insight in the actual performance of the tracking algorithm. 
Xu and Ellis [24] present a tracking approach that can deal with partial occlusion and grouping. 
Two measures for the performance of the tracking system are proposed. The approach does not 
require GT and can not be used to compare multiple algorithms. The first measure is the tracking 
error between the actual and predicted (from previous video frames) position values. The next 
measure is the path coherence, which represents the level of agreement between the derived 
object trajectory and the motion smoothness constraints. These two metrics are proposed 
because they are the basis of most existing motion correspondence algorithms that usually 
assume the smoothness of motion. 
Pingali and Segen [14] propose two methods to evaluate performance of object tracking 
algorithms. They present metrics for cardinality measures, durational accuracy measures and 
positional accuracy measures. The first method requires extensive availability of GT, while the 
second method is scalable in GT detail. Events are used to describe the location of objects at 
certain times. The more events annotated, the more accurate the GT. The authors used line 
segments to annotate these events for the reference video set. A tool with a graphical user 
interface is used to annotate the GT data. 
Black, Ellis and Rosin [29] propose three metrics for comparing the trajectories of objects in the 
GT set, with the detected trajectories. The path coherence metric assumes that the trajectory 
should be smooth subject to direction and motion constraints. The colour coherence metric 
measures the average inter-frame histogram distance of a tracked object. This distance is 
assumed to be constant between consecutive image frames. Furthermore, the shape coherence 
metric gives an indication of the expected object bounding box, compared with the detected 
bounding box. Outlier GT tracks are removed by applying a threshold to the three error values.  
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Evaluation of object features with higher semantic levels. 
 
We discussed proposals from the literature for the first three levels mentioned earlier. Literature 
study for the fourth and fifth level did not reveal a lot of relevant work. The fourth level seems 
rather straightforward at first, but the lack of standardized criteria hamper proper evaluation and 
benchmarking. Consider for example object classification. It seems trivial to compare the object 
type from the GT with the detected object type. However, for product realization, the response 
time might be of importance. How much of the object life time is required to output a confident 
classification type. No criteria have been proposed for this problem.  
For the fifth level, which includes behaviour, it seems even simpler to compare the results from a 
MCA system with the GT. For example, the system should detect a parking car. The MCA system 
could decide that the object type is not car, but person. It might, however, detect that the object 
stops. Does this give 50% accuracy or 0% because it should be a car for sure? Hence, it is not 
clear how to present the performance results. Furthermore, it is not clear how time delays in 
detection of behaviour need to be handled. 
 
Summarizing, most evaluation proposals are based on pixel-based segmentation metrics only ([7, 
[9, 11, 13, 16, 17, 20, 22,23]. Oberti et al. [18] also consider the object level evaluation, and 
Mariano et al. 19 consider object tracking over time. Nascimento and Marques [10] consider 
object-based evaluation and introduce splitting and merging of multiple objects. Evaluation of 
object trajectories is only proposed by the authors of [6, 14, 15]. 
Most proposals require manually annotated GT, while a limited set of proposals apply 
performance evaluation using metrics that do not require GT (12, 22, 24]. 
 

Metrics 
 
Evaluation of multi content analysis can be applied on multiple semantic levels. If an algorithm 
only detects objects and outputs bounding boxes per processed video frame, we need different 
comparison rules than when an algorithm only outputs “car entered scene” and “car left scene”. 
The latter is more straightforward, since we only need to compare the time-interval of detection 
and the object-type that was detected. For each level of evaluation (see Subsection Related work) 
various metrics have been proposed in the literature.  
 
There are mainly two types of metrics: binary and numeric metrics. 
 
Binary metrics are coming from qualitative processes like detection or classification (e.g. non-
detection, false alarm or misclassification). Every process leads to new decisions that should be 
evaluated (“is this pixel part of the background or the foreground ?”). A ground truth allows us to 
classify decisions as correct or not. Whenever it is correct it would be called “true” and when it is 
incorrect it would be called “false”. For the detection process we usually use such “binary 
metrics”: based on standard statistical methods of comparing two populations of values which are 
derived from observations with their true or expected values. In this case, the ground truth is used 
as the true values. 
 
Numeric metrics are made by quantitative processes like an observation of estimation within a 
sequence of image. Typical errors affect the position, the shape of object, its speed or the delay 
of a time stamp.  
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To quantify these errors we use scores called “numeric scores” and are computed to quantify the 
accuracy of the detection or the tracking algorithms. Examples are average position and velocity 
errors; average number of observations before tracking is initiated; average number of frames 
before tracking is terminated etc.  
 
Because various different metrics are used, the performance evaluation results from MCA 
algorithms currently cannot be compared. As already said, the evaluation will be done by 
comparing the tested output results with the GT according to relevant criterion. The criterions are 
precisely defined by metrics which produce an objective global score. Even if both the MCA and 
the GT create the same descriptions and the metrics are well defined, the matching is still 
problematic. For example, if an object, event or behaviour is detected, how do we know what the 
corresponding object, event or behaviour is that we should compare in the GT. Should the frame 
number in the sequence be the same? This gives problems if the detection is somewhat delayed. 
Should objects from the MCA and GT that are spatially closest together be compared? What if the 
MCA seems to detect a car with a certain speed, precisely as described in the GT, but in fact the 
detected object is a bicycle at another location in the scene? The evaluation tool may show a 
good MCA performance while its output was incorrect.  
Somehow, we should define matching rules that can be used by the evaluation tool to match the 
descriptions from the MCA with descriptions in the GT. This implies that the evaluation results not 
necessarily represent the true performance. The output has certain reliability, dependent on the 
complexity of the matching rules. Note that human evaluation of e.g. “the colour of a passing car”, 
using a GT involves complex matching. Intuitively, the human brain matches the objects type, 
their trajectory, their sizes, shape, the time instance, and the relation with other events in the 
scene. Simultaneously, the human compares the colours. Defining the matching rules for 
performance evaluation is an open research topic to be explored. 
 

1.2.4 Management and presentation 
 
During evaluation, values are calculated for each metric, for a certain time interval. Combining 
these results over the total time-interval (of one video sequence or multiple sequences) can be 
applied in various ways.  
Some authors show histograms of results over time, while others summarize measures over time. 
Other metrics require statistical analysis methods like mean or median. With low variance, the 
mean gives the typical working performance. One could also be interested in the maximum error 
rate in any of the tested cases to prove the limits of the system. From these results also other 
interesting measurements from the industry can be computed, like the mean time before failure 
(MTBF). However, different ways of presenting results from metrics make it impossible to 
compare various evaluation results. Therefore, besides defining standard metrics (as mentioned 
in the previous subsection), for each method, the way of presenting the results for a complete 
evaluation should be researched and standardized. 
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2 Consumer electronic applications (home and mobile multimedia) 
domain 

2.1 MCA annotation 
The need for good annotation 
 
Developing technologies related to musical audio signal processing requires data. For instance, 
implementing algorithms for automatic instrument classification requires annotated samples of 
different instruments. Implementing a voice synthesis and transformation software calls for 
repositories of voice excerpts sung by professional singers. Testing a robust beat-tracking 
algorithm requires songs of different styles, instrumentation and tempo. Building models of 
musical content with a machine learning rationale calls for large amounts of data. Besides, 
running an algorithm on big amounts of diverse data is a requirement to ensure its quality and 
reliability. 
 
Likewise, the development of good technologies for video signal processing requires large 
amounts of annotated video data. This is true both for the benchmarking of algorithms, necessary 
to assess the progress while developing new methods and techniques to address new 
applications, but also for the actual algorithm development, for an example to compile annotated 
training and test data sets needed to e.g. train face detectors, object recognizers or for any other 
unsupervised learning-based methods. Although much is common between the video and audio 
content analysis world, this section will focus more on MCA annotation for audio-related content 
and technology. 

 
Annotation tools 
 
Manual media annotation is a time-consuming and tedious process; many tools have been 
developed to make this task easier. We can cite as examples: 
 

• MUCOSA (Music Content Semantic Annotator). MUCOSA is an environment for the 
annotation and generation of music metadata at different levels of abstraction. It is 
composed of three tiers: an annotation client that deals with microannotations (i.e. within-
file annotations), a collection tagger, which deals with macro annotations (i.e. across files 
annotations), and a collaborative annotation subsystem, which manages large-scale 
annotation tasks that can be shared among different research centers. The annotation 
client is an enhanced version of WaveSurfer (http://www.speech.kth.se/wavesurfer/), a 
speech annotation tool. The collection tagger includes tools for automatic generation of 
unary descriptors, invention of new descriptors, and propagation of descriptors across 
sub-collections or playlists. Finally, the collaborative annotation subsystem, based on 
Plone (http://plone.org/), makes it possible to share the annotation chores and results 
between several research institutions. 
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MUCOSA: A screenshot of the descriptor creator that is included in the collection tagger 
 

• MiXa (MusicXML Annotator). MiXa enables users to associate any element of musical 
content, such as a note, a lyric, and a title, with some additional information such as 
chords, comments, and impressions. MiXA can also handle annotations created by 
multiple users, and these annotations are managed separately for each annotator. This 
allows application systems for annotations to deal with various comments created by the 
different annotators. Since the content and form of annotation data depend on 
applications or services, the system allows application developers to define their own 
semantics of annotation data. 

 

 
Figure 5: System architecture of MiXA 
 

• CLAM Music Annotator 
(http://iua-share.upf.edu/wikis/clam/index.php/Music_Annotator). This is a GPL tool that can 
be used to visualize, check and modify music information extracted from audio: low level 
features, note segmentation, chords, structure. The tool is intended to be useful for the music 
information retrieval research whenever one needs to:  

1. Supervise and correct the results of automated audio feature extraction 
algorithms.  

2. Generate manually edited annotations of audio as training examples or ground 
truth for those algorithms.  
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The CLAM Music Annotator  
 

• Acousmographe (http://www.ina.fr/grm/outils_dev/index.fr.html). The Acousmographe is 
software for listening, analyzing and representing sound signals. The Musical Research 
Group began working on the project in 1991 in order to facilitate the locating, annotation 
and description of all forms of discourses on non-written music be they electro-acoustic or 
oral tradition. The third generation of the Acousmographe offers the capacity to analyze 
multi-tracks with multi-window demonstrations; in order to allow for almost immediate 
access to any part of the signal, no matter the length of the sound, the sonogram is 
calculated as a background task, etc.. 

 

 
 MRG’s Acousmographe 
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Annotation formats 
 
Annotation tools are meant to be used in conjunction with validation tools as well as with database 
systems which store and help managing the metadata. Alongside generic data description and 
exchange formats such as XML and YAML (http://www.yaml.org/), there are data formats 
specifically designed for music and media applications: 
 

• MusicXML (http://www.recordare.com/xml.html). Music XML, is a DTD designed primarily 
for a easing automated parsing and manipulations of musical scores. But as shown by the 
MiXa annotation tool, it also enables standardized musical annotation exchange and 
storage. 

 
• MXF . MXF is media annotation format, it is a "container" or "wrapper" format that 

supports a number of different streams of coded "essence", encoded with any of a variety 
of codecs, together with a metadata wrapper which describes the material contained 
within the MXF file. MXF has been designed to address a number of problems with non-
professional formats. MXF has full timecode and metadata support, and is intended as a 
platform-agnostic stable standard for future professional video and audio applications. 

 
 

2.2 MCA validation 
Validation metrics 
 
In order to compare the calculated results to the annotated ground-truth, a standard metric is 
needed. Precision, recall and F-measures are standard measures used in Information Retrieval. 
For each query, the recall is defined as the fraction of the relevant documents which has been 
retrieved (as explained by Baeza 1999). Given a piece i (i=,…N), we define:  
 

iRecall i

i

nFoundItems
nItems

=  (1) 

where inFoundItems  is the number of found documents which are similar to the query i, and 

inItems is the total number of relevant  pieces to the query i.  

 

iPrecision inFoundItems
n

=  (2) 

 
where n is the number of pieces returned by the algorithm. We finally compute an average of 
precision and recall measures, using as a query all the pieces in the collection. 
 

iRecall Recall
N

iN =

= ∑
1

1
 (3) 

 

Precision Precision
N

i
iN =

= ∑
1

1
 (4) 

 
Recall and precision measures, as defined originally, assume that all the documents in the answer 
set have been considered. We will compute recall and precision values for n=1,…M.  



WP4.1 Deliverable  

 

It is usually desired to have a single value, instead of two different measures, and for this we use 
the F measure. The F measure can be considered to combine the information given by precision 
and recall, and is defined as follows:   
 

Precision×Recall
Precision+Recall

F ⋅
=

2
 (5) 

 

2.3 Management and presentation 
 
There are many advantages in centralizing metadata together with the audio or video content. The 
metadata and possible descriptions linked to the content allow users to compare their algorithm 
with others’. Different researchers working on the same problem can increase the benchmark 
database size by adding more ground truth data. 
The common repository can help discover synergies between automatically extracted descriptors. 
For instance, someone studying chord segmentation will benefit from the results of a beat tracker. 
Somebody studying the structure of music is likely to benefit from results from tempo evolution, 
chord progression and singing voice detection. A centralized and correctly labeled repository can 
stimulate corpus-oriented research and the use of statistical methods and learning techniques. 
For instance, finding correlations between certain low-level descriptors and genres, or studying 
the performance of a key extractor in data of different classical periods, from baroque to 
romanticism, is made much easier. Along with metadata, it is important to store taxonomies or 
ontologies. The development of a percussive instrument classifier requires the definition of a 
taxonomy or classification scheme of the categories of percussive instruments. Same happens in 
many other cases: taxonomies of musical genres, voice types, singing styles, playing modes and 
many more. Someone spending a Ph.D. thesis time researching on a specific topic is likely to 
have organized a taxonomy or an ontology that describes the concepts of that specific topic. It is 
imperative to preserve that knowledge. Much of the legacy metadata may refer to terms of such 
ontologies. If we want to reuse the metadata, we need to know exactly which restricted vocabulary 
was used and what was the meaning of each term. Metadata has to be well specified so that it is 
comprehensible both by men and computers alike. The following is an example of possibly cryptic 
textual metadata that describes an acoustic guitar chord: “AcousticGuitar:BbMin:Hi:Down”. In 
order to describe this audio sample, besides specifying the instrument that produce it—an 
acoustic guitar—it is interesting to encode somehow that acoustic guitar is a type of string 
instrument. It is important to specify that the sound sample is a chord and whether it was created 
strumming up or down, type of strum, and so on.  
Clearly a unified framework is needed. One such example is MTG-DB, developed at the Music 
Technology Group. MTG-DB is a common database of audio material that offers functionalities for 
adding audio content, browsing the database, adding metadata and dealing with taxonomies, 
ontology management and algorithms. It is concerned with providing a common storage for audio 
material and associated metadata as well as being a tool for research. 
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The MTG-DB architecture 
 
Evaluation contests 
 
In the area of text retrieval, the annual TREC evaluation contest provides a venue where 
evaluation can be done in an organized fashion. Following the example of TREC, both video and 
music retrieval communities have started to build their own evaluation contests addressing mostly 
content-based retrieval problem. The MIR community, that was born in the late 1990’s, started 
discussing about the need of evaluation in the early 2000’s. The evaluation task was commonly 
held too different from the text retrieval evaluation tasks and thus the MIR community decided to 
design its own evaluation contest addressing the questions that were relevant for evaluating 
specifically MIR methods. These discussions and workshops held in JCDL, SIGIR and ISMIR 
conferences lead into the birth of MIREX (Music Information Retrieval Evaluation eXchange). The 
first tentative step towards organized evaluation in the area of MIR was taken in 2004 during the 
5th ISMIR (International Conference on Music Information Retrieval) in a form of ISMIR2004 
Audio Description Contest (ADF) organized by the hosting organization of ISMIR2004, Music 
Technology Group - UPF, Barcelona. MIREX, is similar to the Text Retrieval Conference (TREC) 
approach to the evaluation of text retrieval systems. Both MIREX and TREC are built upon three 
basic components:  

• a set of standardized collections;  
• a set of standardized tasks/queries to be performed against these collections; and, 
• a set of standardized evaluations of the results generated with regard to the tasks/queries. 
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3 Medical imaging applications domain 

3.1 Evaluation of diagnostic accuracy 

3.1.1 Aim and relevance 
Thorough clinical validation is (or should be) an essential step in the introduction of new medical 
imaging applications. Before a new application will be accepted by the medical community its 
added value has to be demonstrated, often with respect to the existing state-of-the-art. The choice 
of a new imaging application should indeed be guided by a proven added value instead of the 
trendiness of using a new technique (which is of course no problem in a consumer application). 
Added value can be shown if the new application allows either a more accurate diagnosis, better 
patient outcome, lower cost, faster procedure times, less radiation exposure etcetera. In this 
project we will focus on using a more accurate diagnosis as the added value. Regulatory 
instances (like the US Food and Drug Administration) also require a summary of safety and 
effectiveness of a product before market introduction can take place. Effectiveness can often be 
shown by doing a validation.  
 
This validation can be done by the comparison of 2 applications (or products / techniques): the 
one to be introduced versus the current state-of-the-art. An example of this is the introduction of 
digital mammography for routine screening of breast cancer, versus the conventional film 
mammography. Although digital mammography clearly had advantages in information 
management (storage, distribution, archiving), it’s clinical value has to be shown and compared to 
film mammography before the technique will be widely accepted. In this case the added value is 
primarily the lower cost and easier handling of digital mammography, but this should not go at the 
expense of lower detection sensitivity/specificity of breast lesions. 
 
The previous example also indicates a complicating factor in the validation of medical devices. 
The final diagnosis will always be made by a trained medical specialist (usually the radiologist in 
examinations involving imaging). New techniques (being either acquisition devices, display 
methods or more complicated image processing algorithms) merely provide assistance to the 
medical specialist to allow him/her to make a better diagnosis. In that respect, the human factor 
should  be taken into account when validating and comparing different techniques. It is only in 
recent years, with the advent of digital mammography and – currently – emerging techniques to 
apply Computer Aided Detection algorithms on medical images, that consensus is growing on the 
methods to use to validate and compare the performance of different systems. 
 
Within CANTATA research will be done towards the “virtual radiologist”, i.e. how can (multi-modal) 
content analysis algorithms aid the medical specialist. In order to validate and compare 
techniques it is necessary to take one step further from standalone or technical evaluation 
towards clinical or user-involved evaluation. Study setups and statistics exist to perform such a 
user-involved evaluation and will be briefly outlined below. Before we get into the study design for 
a user-involved evaluation, let’s first recapture the essentials and benefits of ROC analysis.  

3.1.2 ROC analysis 
Recent decades have witnessed the widespread use of ROC analysis for the assessment of 
diagnostic imaging modalities. A ROC curve is a graphical representation of the relationship 
between the sensitivity (detection rate or true-positive rate) and specificity (1 - false-positive rate) as 
the level of aggressiveness — or reader mindset — is varied.  
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This is shown in Figure 1 where parameter p3 denotes a stricter mindset than p1, resulting in a better 
detection rate (sensitivity) but as the same time being less specific (i.e. overcalling the diagnosis). 

 
Figure 1 - ROC curve (detection rate versus false positive rate) where parameter p represents the 

'mindset' of the reader. 
 
There is often ambiguity in comparing diagnostic modalities when one has only a single sensitivity-
specificity pair measured on one modality and a single sensitivity-specificity pair measured on a 
competing modality. There are many scenarios in which this information — without knowledge of the 
full ROC — is insufficient for ranking the competing systems. If we would just use sensitivity-specificity 
pairs (instead of the ROC curve) it is impossible to judge if the differences arose from two different 
underlying ROC curves (in which case the systems are different and one is better than the other), or 
they may arise from a common single underlying ROC curve (in which case the two systems are 
essentially equivalent but the 2 points just represent a different mindset). 
 
Various summary measures of ROC performance are commonly used, including the partial area 
under the curve in a particular region of interest or the area under the entire ROC curve. They 
offer a statistical power advantage compared with using a single sensitivity-specificity pair 
because these summary measures in effect average over multiple “noisy” estimates of the 
sensitivity-specificity pairs that result from finite data sets.  
 
Further statistical work on ROC analysis can be found in [34][35][36] 

3.1.3 User-involved study setup 
“In the last 2 decades major advances have been made in the field of assessment methods for 
medical imaging and computer-assist systems through the use of the paradigm of the receiver 
operating characteristic (ROC) curve. In the most recent decade this methodology was extended 
to embrace the complication of reader variability through advances in the multiple-reader, 
multiple-case (MRMC) ROC measurement and analysis paradigm.” [37] 
 
The MRMC-ROC (“Multiple Reader Multiple Case – Receiver Operating Curve”) statistical 
framework is considered the “least burdensome approach” to show significant differences 
between different modalities that generalizes to cases and readers that were not in the studyi. 
Other statistics used may seemingly be simpler, but are only able to measure the performance 
(difference) in the particular sample studied, without allowing to generalize. The least burdensome 
approach means that the least number of cases should be read to reach a certain level of 
significance (or inversely, a higher discriminating power can be achieved with the same number of 
cases). 
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In the study setup a number of readers R should each read the same C cases using all treatment 
options T. Both the sample of readers R and cases C should be representative of the target 
groups we want to generalize to. As an example: the readers can be radiologists with sufficient 
training but that are not experts in the field and therefore may benefit from computer assistance. 
Each reader should judge each case to be either positive or negative and attach a confidence 
score to his judgment. This way of scoring allows to use the ROC framework that has advantages 
over more traditional approaches. Note that it is not always possible to apply all the different 
treatments T to all the patient cases C, and in those cases other statistics should be used.  
 
For the statistical background we refer to reference [38] 
 

3.1.4 Generalization to other domains 
The vision of CANTATA is to develop a virtual specialist in different application domains 
(multimedia, medical and surveillance). Such a virtual specialist should assist the human operator 
to do his task faster and/or more accurate, in spite of the rapidly increasing amount of information 
to be processed. In CANTATA we have identified the “virtual butler”, the “virtual radiologist”, the 
“virtual display” and the “virtual policeman”. 
 
However, most validation techniques available (of which a selection is described in this report) 
only take into account the “standalone” or technical validation. This is without any doubt a very 
powerful and objective way to measure and compare MCA systems, but it does not give insight 
into the added value of the MCA system to the ultimate goal: the virtual specialist. In other words, 
there is no validation of how much (if any) improvement was obtained by using the MCA system. 
A proposal therefore is to take into account the user(s) of the system and to measure the added 
value for the user. The described MRMC-ROC analysis is a possible candidate for such an 
evaluation, but its applicability to the different application domains should still be studied. 

3.2 MEdical DIsplay SImulation Chain (MEDISIC) for determining medical 
quality, 

3.2.1 Context and goal 
 
In the context of a medical portable display, we want to develop a model that can predict clinical 
accuracy of a display based on the JNDMetrix framework (Figure 2). The medical display simulation 
chain should accurately model physical characteristics of display systems within the existing 
framework of our human visual system model (JNDMetrix [39]). We are developing a perception model 
that can predict if a modification (compression artifact, transmission error ...) in the image is clinically 
relevant.  
 
Medical images that are modified using new compression algorithms in the portable wireless display 
environment should be clinically validated. It has to be checked if these images still contain enough 
image quality and if the modification is clinically relevant. In short: there is need for new metrics that 
describe what the possible clinical impact of a display system or an image processing algorithm is. 
The work will be based on literature on medical display simulation and human observer performance 
[40-41-42-43-44-45-46-47-48-49-50].  
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Figure 2. Medical display chain simulation 

3.2.2 Display simulation chain 
A complete software application will need to be developed to allow modeling of display characteristics, 
starting from raw images (on the disk) to the physical image displayed. The important parameters to 
take into account are: 

• Viewing angle,  
• Brightness,  
• Contrast ratio,  
• Shape of transfer curve, (Gray Scale Display Function) 
• Bit depth,  
• … 

The result of the simulation should represent the colored intensity map coming out the screen (XYZ 
map in cd/m²). 

3.2.3 Human Visual Observer Model 
 
A Human Visual Observer Model should be defined to clinically interpret simulated images and predict 
perceived differences between them. A very important part of the display simulation chain is to be able 
to model clinical lesions like micro-calcifications or tumors. In order to validate the display simulation 
chain we can run the simulation twice: once with a medical feature (like micro-calcification) present 
and once when this feature is absent. The HVOM should predict if the modeled display is able to show 
the micro-calcification. For a detailed discussion on how a tumor JND template can be created we 
refer to [42-43-44-45-46-47-48-49-50]. 
 
Because of the compression artifacts it is possible that a tumor becomes more difficult to perceive 
than without the artifacts, which can cause the false negative fraction to increase. Inversely, 
compression artifacts could also be considered to be tumors and therefore also the false positive 
fraction can increase. By doing this type of simulations on a large number of images it is possible to 
come to a reliable estimate of performance using the receiver operating characteristic (ROC) curve. 
During the general performance evaluation, the entire portable display system (including all of its sub 
components) will also be tested concerning speed and functionality, including the throughput (frames 
per second, bandwidth requirements) of the compression algorithm. Also the accuracy of our 
classification algorithm (to classify medical and non-medical images) will be tested. The developed 
system to comply with HIPAA will also be tested in practice. Finally, also the results of our latency 
reduction algorithms will be evaluated. 
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3.2.4 Validation 
 
Validation is extremely important. We will validate the display simulation by comparing with published 
results and by own psycho physical study [44]. 
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4 Surveillance and monitoring applications domain 
 
As said previously, the evaluation of video processing performances has received an increasing 
attention in the scientific community during the past few years, based on the observation that we lack 
standard performance metrics to compare and rank the various available algorithms. In addition, 
performance evaluation is a natural component of recently proposed controlled architectures for video 
analysis. In fact, the analysis of evaluation results can give a feedback to the controller in order to 
keep a maximum performance rate.  
 
Performance evaluation has been of interest for a long time in several domains such as edge 
detection [51], [52] or range image segmentation [53]. However, these techniques are not key 
techniques for video understanding applications as they often do not offer real-time processing 
performances. In consequence, the associated evaluation methods are in general of little interest for 
our purpose as they are dedicated to the analysis of a very specific problem. Here, we thus focus on 
describing previous works related to the evaluation of video processing techniques intended for 
surveillance and monitoring applications as it is described in [72]. In this section, we first present 
qualitative works on the evaluation of video processing techniques and then a review of past and on-
going workshops and projects which have been created to address the evaluation issue. 
 

4.1 Qualitative evaluation of output results 
Historically, first investigations on the evaluation of video processing performances were consisting in 
obtaining a qualitative performance evaluation of an algorithm or a comparison between different 
algorithms having an identical functionality. This is reasonable considering the fact that the techniques 
were at an early development stage. In consequence, the evaluation was mainly intended to 
demonstrate the feasibility of an approach. We briefly describe here such works on qualitative 
performance evaluation. 
 
First, in [8], the authors propose a set of metrics for assessing segmentation result quality when no 
reference segmentation is available, which is called “standalone evaluation”. Their overall objective is 
to create objective measures corresponding to the evaluation which can be performed by a human 
observer. This work takes place in the context of the MPEG object-based coding and description of 
video sequences. They distinguish the evaluation of individual objects and the overall evaluation for a 
video sequence in term of a partition into a set of objects. Concerning the individual object evaluation, 
they define intra-object features (e.g., spatial features such as compactness, temporal features such 
as size stability) and inter-object features which give indication on whether the objects were correctly 
identified as separate entities (e.g., local contrast to neighbors). The overall evaluation consists in a 
weighted formula of the individual object evaluations. Experiments were conducted on few sequences 
of the MPEG4 test set, with 4 different segmentations. The conclusion of their work is that this kind of 
evaluation is able to qualitatively rank different algorithms. However, it is not clear that these metrics 
will still work on a larger set of test video sequences, as reported results do not show high 
discriminative potential. In addition, this kind of work is of no help to acquire a deep expertise on 
programs as the evaluation remains vague. 
 
Following the same idea, several works propose perceptual criteria to evaluate performances [54]. The 
key idea is to design evaluation criteria which take into account visually desirable properties of 
reference (ideal) segmentations. A recent work reported in [12] proposes to use as evaluation metrics 
the spatial differences of color and motion and the temporal differences between the color histogram 
of objects in the current and previous frames. The obvious advantage of these works is that they do 
not require any ground truth definition, which is well-known to be a time-consuming process, especially 
for low-level processing such as a segmentation process (i.e., pixel-based ground truth). However, 
their associated drawback is that they do not enable sound quantitative comparison, which is essential 
to understand the behavior of video processing programs. 
 
Moreover, in [55], the authors propose a perturbation method for comparing performances of 
background subtraction methods. This evaluation method does neither require to have foreground 
objects present in the video sequences nor to have knowledge of the foreground distribution, as it is 
the case for classical comparison with ground truth. 
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Instead, the basic assumption is that the shape of the foreground distribution is locally similar to the 
background one, but shifted or perturbed. In order to perform the evaluation, they first select a 
parameter set (for each technique) to achieve a certain and fixed false alarm rate. Then, they apply a 
perturbation on the entire background distribution by vectors in uniformly random directions of the 
RGB space, with magnitude m. Finally, they measure the detection rate as a function of the applied 
perturbation of magnitude m. The authors have compared four techniques differing on the background 
model: mixture of Gaussians, uni-modal, non-parametric and codebook-based. Detailed results are 
reported on four different video sequences (one indoor and three outdoors). However, unless obvious 
considerations (e.g., the mixture of Gaussians performs poorly on the indoor sequence), only slight 
performance variations are registered in average. They conclude their work by arguing that this 
evaluation method can be useful for qualitative comparison of sensitivity of different algorithms and 
can serve as a comparison guide to choose a set of parameters for a particular algorithm for a 
particular application. 
  
In conclusion, this kind of evaluation only provides general and qualitative evaluation results. These 
general ideas may serve to confirm the assumptions which can be found in scientific papers that 
describe the techniques. However, such evaluation does not enable to acquire a deep expertise on 
programs. The reason is that almost all techniques perform as well as others, in average. Results are 
reported globally for a test set of video sequences. In consequence, this kind of evaluation does not 
provide sufficient insights to understand when and why a technique is better than another one (e.g., 
under which environmental conditions). 
 

4.2 Comparison of output results with ground truth 
Once the feasibility had been demonstrated, several works have investigated the issue of system 
reliability through a quantitative comparison of video processing results with ground truth data. Ground 
truth data are provided by human experts who manually annotate video sequences with the help of a 
graphical tool. We can mention the Viper tool coming from the University of Maryland [21], and the tool 
coming from the University of Edinburgh in the framework of the European project CAVIAR [33] which 
are both Java tools conceived to draw object bounding boxes and to assign user-defined semantic 
information to the objects (e.g., occluded person). The ODVIS (Open Development environment for 
evaluation of Video surveillance Systems) [26] proposes a tool for researchers to embed their tracking 
algorithms in the ODVIS framework. A noisy ground truth for the tracking task is automatically 
computed. Users have simply to refine this first noisy description to obtain the ground truth. In [10], the 
authors propose a semi-automatic annotation tool for pixel-based ground truth where users have only 
to adjust/validate a trial segmentation which is automatically computed. In consequence, depending on 
the level of details of the ground truth (e.g., simple list of points corresponding to target centroids up to 
a pixel-based description for each target for each frame), these works on quantitative comparison with 
ground truth present evaluation metrics to assess the performance of video processing algorithms. 
 
In [11], the authors evaluate different shadow detection algorithms. First of all, they propose a two-
layer taxonomy of shadow detection algorithms. The first classification criterion considers whether the 
underlying process is deterministic or statistic. Statistical approaches are then subdivided into 
parametric and non-parametric methods. Deterministic approaches are then subdivided into model-
based or model-free methods. In a second time, the authors introduce the concept of shadow 
detection rate and shadow discrimination rate, which are derived from the usual detection rate and 
false alarm rate. Thanks to these metrics, they provide a pixel-based comparison between these four 
classes of methods, using representative algorithms of each class. Experiments are performed on a 
test set of 5 video sequences containing indoor and outdoor scenes, with shadows ranging from dark 
and small to light and large, and with objects of variable size and speed. Each sequence lasts 
approximately a thousand of frames. In conclusion, this work has demonstrated its ability to rank 
algorithms and to envisage a classification of algorithms in function of the environmental conditions, 
even if the number of tested sequences remains low. This work constitutes a first step to obtain a deep 
understanding of algorithm behaviors and to find explanations when and why they succeed or fail. For 
instance, they found out that statistical approaches are well suited for indoor environments. However, 
this work addresses a very specific problem and must be extended and generalized in an evaluation 
methodology applicable to the whole video processing chain. 
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In [6], the authors introduce metrics to evaluate the tracking task, especially the accuracy of the 
position estimation over time (i.e., trajectories). They propose two metrics to measure the 
displacement between trajectories: one considering a spatial shift and one considering a temporal 
shift. The credit of this work is to address the issue of video processing programs which are at an 
intermediate level of the processing chain. Indeed, this kind of evaluation is more complicated than 
simply counting the number of good/wrong detected pixels. Evaluation results are reported on three 
trajectories on a video sequence which last 200 frames. However, the authors only consider 
trajectories of equal length. This is a hard limitation regarding the fact that systems working in real 
conditions are likely to provide trajectories with different initial or ending time compared to ground truth 
(e.g., a false object termination due to a ghost, an object which is detected too late due to a lack of 
contrast). In addition, the evaluation of centroid trajectories alone is not sufficient. For instance, a 
careful evaluation must also consider splitting and merging of objects, their spatial extent or their class 
label. 
  
The European project CAVIAR [56] is providing a set of reference video sequences for evaluation. 
These sequences are associated with ground truth bounding boxes. Moreover, this project provides a 
tool and a website for on-line evaluation for CAVIAR partners. Similarly, in [31], the authors propose 
another evaluation website which is dedicated to the evaluation of the tracking process. A main 
advantage of these works is that they provide data to be used by the scientific community for 
benchmarking tracking algorithms. Several articles have been published using these data [57], [58]. 
Unfortunately, a comparison of results from one article to another one remains a difficult task. 
 
In the European project AVITRACK (Aircraft surroundings, categorized Vehicle and Individual Tracking 
for apRon's Activity model interpretation and ChecK) on apron monitoring [59], [60], partners have 
produced a detailed evaluation. They have used 5 sequences, each containing about 2000 images 
associated with ground truth bounding boxes. The longest sequence contains 18 physical objects and 
the most complex scene involves 12 objects globally crossing each other. In this experience, among a 
total of 56 physical objects evolving in the scene, 33 objects have been completely tracked without any 
errors. The remaining 23 tracked objects have been lost one or two times by the tracking process. In 
conclusion, the evaluation process presented in this work is significant and shows the effectiveness of 
the video analysis. However, little information on the video tracking processes can be extracted from 
the evaluation. This is due to the fact that the evaluation has been performed globally on simple and 
complex scenes mixing different types of difficulties at a time. 
 

4.3 Alternative to ground truth 
Being aware of the issues in defining ground truth (e.g., subjectivity, time-consumption), several 
alternatives have emerged in the literature. We briefly present here two interesting research directions 
to help the process of evaluation in particular cases. 
 
First, pseudo-synthetic video sequences have been proposed as a way to automatically create test 
sequences with various perceptual complexities [29]. The idea is first to use an object detection (or 
tracking) algorithm on video sequences containing a single object. Due to the reduced complexity of 
this task, the output results have more chance to be considered as ground truth data. Of course, a 
filtering stage is applied to remove the tracks which have poor quality. In a second step, these ground 
truth tracks are randomly selected to compose a more complex scene. The small images 
corresponding to the objects present in the track are pasted into an empty background, using the 
calibration information to handle correctly dynamic occlusions (i.e., which object is on the foreground 
layer compared to the other one). Even if this technique is far from simulating the real world 
complexity, it can be a useful tool to test and address specific issues. For instance, the authors have 
been able to test the robustness of their algorithms against dynamic occlusions on long test 
sequences. Unfortunately, the performances of the tracker rapidly decrease with the number of objects 
in the scene. 
 
Second, based on recent advances in the creation of 3D animated movies for modeling various 
behaviors (humans walking in museums, fishes interacting with swimmers in the sea,...) [61], some 
works attempted to create pure synthetic movies for the purpose of evaluating video processing 
programs [62]. The authors proposed a tool to generate 3D animations of humans evolving in a scene. 
To enhance the impression of reality, shadows and their projections against walls are modeled.  
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Nevertheless, these techniques are very far from being enough realistic and require a lot of processing 
resources as soon as we want more reality. Again, even if these techniques are not able to recreate 
complex real issues, they can be advised to study deeply a particular problem such as the shadow 
management in video processing programs. 
 
Finally, we want to note that new types of sensors which are emerging today can be used to provide 
ground truth data, namely GPS (Global Positioning System) and RFID (Radio Frequency 
IDentification). For instance, GPS is used in the European project AVITRACK [63] to provide the 
localization of the objects on a 3D ground of the scene viewed by cameras. They are thus able to 
assess the accuracy of the localization video processing task without many efforts. Nevertheless, 
these new solutions still have drawbacks. For instance, the GPS localization does not work inside 
buildings or when the objects are close to buildings in outdoor scenes. In addition, these ground truth 
data do not provide any information about the shape or the posture of objects. 
 

4.4 Existing Workshops and Projects 
The previous subsection has presented particular works which study the evaluation problem and 
which are the most relevant in the literature. Nevertheless, a common characteristic of these works is 
that they are isolated and thus they often have little influence on the scientific community (e.g., for 
becoming a standard). On the opposite, we present here a review of existing workshops and projects 
which address the problem of performance evaluation. This is a recent topic in the video 
understanding community. However, performance evaluation has already been active in other 
domains for a long time. For instance, in the natural language domain, the TREC (Text REtrieval 
Conference) competition has been created to encourage research in information retrieval from large 
text collections. In the multimedia community, a similar competition has been set up for broadcasting 
video retrieval (TRECVID, [64]). Thanks to these efforts, retrieval techniques start becoming very 
efficient [65]. The proposed description hereunder recalls the historical evolution of evaluation 
campaigns in video understanding, from qualitative ones until recent ones which involve the 
international scientific community and which aim at defining standard evaluation protocols, metrics and 
reference video sequences. After assessing the reliability of algorithms, the ultimate goal is to be able 
to design a certification protocol for video processing algorithms. 
 
PETS workshops 
 
The PETS (Performance Evaluation of Tracking and Surveillance) workshop has been created in the 
year 2000 to answer the need, among the scientific community, of being able to assess the robustness 
of video processing techniques and compare different alternatives. The first PETS workshop was very 
attractive and gathered a wide community of researchers. In fact, it was the first time that people were 
able to test their algorithms on a publicly available set of video sequences. Following this first 
experience, workshops are now organized on a regular basis (i.e., once or twice a year) and with a 
particular topic (e.g., counting people, shop monitoring, car park monitoring, face tracking in a 
conference meeting). In order to prepare the workshop, each participant can retrieve from a web 
server a set of video sequences and their associated annotations. Most of the time, these annotations 
are ground truth at the end-user level (e.g., number of persons, presence or absence of an event). The 
video database is usually composed of two sets: a training set and a testing set. The training set can 
be used by participants to tune and adapt their system with respect to the application under 
consideration (e.g., to learn a set of optimized parameter values). On the opposite, the testing set is 
used to produce evaluation results. In this configuration, systems cannot be modified. 
 
 
In conclusion, even if evaluations are performed on the same set of sequences for all participants, the 
comparison of the techniques is most of the time qualitative. This is partly due to the fact that the 
database is large and participants can freely choose the sequence(s) that they want to produce results 
(e.g., participant 1 tests with sequence A and participant 2 tests with sequences B and C). There is 
thus a large variation of the testing conditions. Another reason is that there is no agreement on 
evaluation metrics. Each participant is free to use its own evaluation metrics. In consequence, it is very 
difficult to take advantage of these evaluation results for acquiring a deep expertise on programs. 
However, the important point we want to underline is that the scientific community has become aware 
of the utmost importance of the evaluation since the creation of PETS. Thanks to this oldest workshop, 
several other research projects have been created and funded to further investigate this issue. 
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CAVIAR project 
 
The CAVIAR (Context Aware Vision using Image-based Active Recognition) project [56] is a research 
program funded under the FP5 of the European Union. This project has two main research interests. 
First, to investigate the use of contextual knowledge for improving the extraction and grouping of 
features during a recognition process. Second, to investigate the use of knowledge-based control 
strategies for improving the recognition speed and accuracy. On the point of view of the evaluation of 
performances, this project follows the general idea of PETS, though it exhibits two important 
differences. First, the focus of the project is restricted to the study of two applications: public space 
and shopping mall surveillance. Second, a huge annotation work has been realized: a total of 100 000 
frames have been annotated. This tedious task has been shared between 10 different labelers. In 
addition, a few video sequences have been annotated by several labelers in order to study the 
variability introduced by the labeling task (e.g., either due to imprecision or subjectivity) [66]. This 
variability may be quite large if no accurate annotation rules are given to labelers before they start the 
annotation process. 
 
In conclusion, this project is a first step towards obtaining a statistically significant evaluation. 
However, even if annotations are publicly available to other researchers, they are only used to test the 
CAVIAR system. There is no benchmarking taking place between the different systems from different 
research centers. 
 
VERAAE workshop 
 
The VERAAE (Video Event Recognition Algorithm Assessment and Evaluation) workshop has been 
launched in 2005. This workshop aims at the evaluation of performances of event recognition 
programs, specifically. The objective is to compare existing high-level techniques on a same set of 
inputs. These inputs are composed of two parts. The first one is a set of ideal inputs which are 
manually created. The second one is a set of real inputs which are created with a unique tracker. This 
second set is intended to assess the performances and the robustness of event recognition 
techniques in presence of degraded inputs. 
 
In conclusion, we argue that this kind of evaluation is useful to acquire expertise on high-level 
techniques. However, this is of no help to understand the low-level video processing issues which are 
currently the most critical ones.  
 
VACE project 
 
The VACE (Video Analysis and Content Extraction) project [71] is a research program funded by the 
US government under the ARDA (Advanced Research and Development Activity) program. The 
research consortium currently involves 14 participants with both industrials and academics. It is funded 
in 3 two-year phases and they are currently in the middle of the second phase (i.e., VACE-II). The 
objective of the year 2005 is to perform the evaluation of the detection and tracking tasks while the 
evaluation of the event detection task will be performed in 2006. More precisely, they currently study 
the performances of four video analysis tasks: face detection and tracking, hand detection and 
tracking, people detection and tracking, vehicle detection and tracking, and across four domains: 
meeting room, broadcast news, UAV (Unmanned Airborne Vehicle) and surveillance. For each 
task/domain pair, they have recorded and annotated 100 clips with an average duration of 2.5 minutes 
each. In order to annotate the video sequences, they have written a reference document in 
collaboration with the NIST (National Institute for Standard and Technology). This document proposes 
a set of detailed instructions so that multiple annotators are able to produce reliable and accurate 
annotation data. The time taken for the annotation process is approximately 2000 hours. 
 
In conclusion, this kind of figures really highlights the tremendous amount of efforts which are needed 
to perform a statistically significant supervised evaluation (both in time and human resources). In 
addition, we can underline the efforts made by this project (and especially NIST) to create a standard 
for the performance evaluation of video understanding systems. Finally, we can note that NIST is also 
involved in the ETISEO project and has already accepted to share the annotation documents with the 
project. 
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ETISEO project 
 
The problem of other projects is that they do not help to discover working conditions of the algorithms. 
ETISEO [68], one of the latest evaluation programs, has tried to address this issue by characterizing 
for instance the video input. One of the main objectives of ETISEO is to ``acquire precise knowledge 
of vision algorithms''. In other words, ETISEO tries to underline the ``dependencies between 
algorithms and their conditions of use''. At the end of the project ``strengths and weaknesses of 
algorithms as well as unsolved problems should be highlighted''. 

ETISEO tries to address each video processing problem separately, by defining accurately the 
problem. For instance, they handle shadows within at least three different problems: (1) shadows at 
different intensity levels (i.e. weakly or strongly contrasted shadows) with uniform non color 
background, (2) shadows at the same intensity level with different types of background images in 
terms of color and texture and (3) shadows with different illumination sources in terms of source 
position and wavelengths.  

Firstly, for each problem, the video sequences have been collected to illustrate only the current 
problem. The video sequences should illustrate the problem at different difficulty levels. For 
instance, for the problem of shadows and intensity levels, they select video sequences containing 
shadows at different intensity levels (more or less contrasted). On these selected sequences, the 
appropriate part of the ground truth is filtered and extracted to isolate video processing problems. 
For instance, for the detection task, they evaluate the algorithm performance relatively to the 
problem of handling occluded objects by considering only the ground truth related to the occluded 
objects. 

Secondly, for a given task (object detection, tracking, object classification and event recognition) 
ETISEO defines a sufficient number of metrics to measure and characterize the algorithm 
performance on various aspects. For instance, in ETISEO there are 7 metrics for the task of 
object detection. 

Thirdly, ETISEO computes the reference data which corresponds to the expected output of the 
algorithm to be evaluated relatively to a given video processing task. The reference data are 
computed from the ground truth provided by human operators and can be improved to better 
correspond to the expected results. For instance, instead of evaluating the mobile object positions 
from the ground truth (2D-points), they can use 3D-point reference data to measure the 
computation of 3D object position. 

Finally, ETISEO provides a unique automatic evaluation tool to accurately analyze how a given 
algorithm addresses a given problem. 

As a summary, in ETISEO, for each video sequence, there are three types of associate data. The 
first one is the ground truth (e.g. object bounding box, object class, event etc.) given by human 
operators at each level of the four video processing tasks. The second one is the general 
annotation on the video sequences concerning video processing problems (e.g. weak shadows) or 
concerning recording conditions (e.g. weather conditions such as sunny day). The final 
information is the camera calibration and contextual information about the empty scene describing 
the topology of the scene (e.g. zone of interest). 

All the video sequences of ETISEO (about 40 sequences) are selected and classified according to 
the problems they illustrate. These sequences have been processed by 16 international teams 
participating to the evaluation program in two phases.  

The main limitation of ETISEO is that it does not define quantitative methods to measure the difficulty 
level of the videos illustrating a given video processing problem. For instance, ETISEO uses the terms 
``normal'' or ``dark'' to describe the intensity levels of video sequences. Therefore, the selection of 
video sequences in ETISEO according to their difficulty levels is subjective and not precise enough. 
Furthermore, this subjective judgment also makes the prediction ability of the evaluation difficult. To 
overcome this issue, [69] has proposed a new evaluation approach that tries to quantify the difficulty 
levels of each video processing problem. With the definition of difficulty level, they can measure the 
capacity of algorithms on solving each video processing problem separately. The authors have applied 
this approach to two problems: detection of weakly contrasted mobile object and detection of shadow. 
The preliminary results show that with this approach, they can determine the upper-bound of algorithm 
capacity on solving these problems. 
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In conclusion, despite its limitation, this recent project is a real step towards the definition of 
standard evaluation metrics and of an appropriate evaluation protocol. In addition, the 
collaboration of all participants (e.g., NIST) has guaranteed a large dissemination of the project 
results and will favour the definition of a standard. 
 
RATP contest 
 
Finally, to close this presentation of past and on-going research projects on performance evaluation, 
we briefly describe a contest which has been launched by the RATP [67], the French company of 
public transport in Paris. They have organized a call for real-time event detection solutions for 
enhanced security and safety in public transportation beside the AVSS (Advanced Video and Signal-
Based Surveillance) international conference [70]. They have recorded many video sequences of 
several minutes from metro stations. The diversity of sequences is rather large: different metro 
stations, different cameras (analog, digital, black and white, infrared), different moments in a day 
(morning, peak hour, evening, night) and different events (nothing, abandoned baggage). The winner 
is the system which has demonstrated the best results on the whole set of video sequences. The end-
users were a little bit disappointed because results were below what they were expecting. Moreover, 
the metrics were not really convincing in discriminating the competitive solutions. 

We can draw two conclusions from this contest. First, there is an increasing need coming from 
end-users to compare between the various existing video understanding systems. However, on a 
scientific point of view, such comparisons are of no help neither to identify current issues in the 
domain nor to acquire expertise on techniques. Second, end-users become suspicious about 
existing systems. This is due to the fact that current systems are not enough robust and adaptable 
to the diversity of situations. In consequence, end-users become rapidly unsatisfied of the results 
of video understanding systems (e.g., a too high number of false alarms). As a consequence, they 
want to test and validate themselves the systems, before deciding whether to use them or not. 
 
VIVID project 
 
VIVID - Video Verification of Identity tracking evaluation website [85] offers an online evaluation 
tool for object tracking algorithms. It provides nine publicly accessible ground-truthed datasets, 
visible and thermal IR video sequences, for tracking of ground vehicles from airborne sensor 
platforms. Also available are an open-source tracking testbed in C++ and mechanism for 
uploading tracking results for automated scoring. The evaluation methodology and metrics are an 
usual combination of temporal and spatial correspondence of the ground truth and detected 
objects represented by their bounding boxes, with the additional distance metrics produced for a 
bitmap version of the matched objects [84]. Although it suffers from same weaknesses as other 
similar evaluation initiatives, a good aspect of this website is that it provides a simple to use 
online tool with clear metrics definitions and free annotated datasets. 
 

i-Lids project 
The i-LIDS [87], provided by the Home Office Scientific Development Branch (HOSDB), is the UK 
Government's benchmark dataset for video-based detection systems with the intention to help in 
policing and counter-terrorist operations. The video sequences are real world CCTV footages 
based on four scenarios: abandoned baggage detection, parked vehicle detection, doorway 
surveillance and monitoring, and sterile zone or perimeter monitoring. Each scenario comprises 
video datasets of 24 hours of footage. The high-level ground truth annotation is provided in XML 
format. The datasets include a wide range of weather and lighting conditions. Users can filter the 
data according to weather conditions or alarm events. From the summer of 2007, HOSDB is 
planning to carry out evaluation of participating algorithms. The scoring is based on the F-
Measure to take into account the relative influence of detection rate and false alarm rate on the 
outcome of the evaluation. This choice of evaluation metrics represents a significant shift in 
understanding of a 'good' performance of a video-based algorithm. Although the dependency of 
the evaluation criteria on the end-user application has been in principle acknowledged by the 
previous evaluation initiatives, this notion has not been supported by their design of the evaluation 
methodology and the selection of metrics. 
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This is probably due to the fact that both algorithm design and evaluation were essentially 
performed by the researchers without sufficient input from the end-users.  This indicates the 
importance of involving all members of the visual surveillance chain in the process of evaluation of 
existing technologies. For a discussion on the impact of end-user applications on the outcome of 
the evaluation and the use of the F-Measure in the performance evaluation of video 
understanding algorithms see [86] 

 

4.5 Conclusion 
In parallel, several workshops and projects have been created to answer to the increasing need of 
having effective evaluations. The overall trend is to propose automatic tools allowing comparing 
results with reference data. These automatic tools enable to produce significant quantitative results on 
standard test video sequences. However, a standard database does not exist yet and the ground truth 
definition is a hard task. In addition, there is a large variability of end-user needs. In consequence, we 
need a general evaluation framework as proposed in ETISEO to get better insights on the video 
understanding approaches and on current technical issues. This framework should contain for 
instance a precise characterization of the video input to be used for the evaluation. In the same way, 
we need a flexible evaluation tool as provided by ETISEO which enables to acquire expertise on the 
video processing programs composing a video understanding platform. The evaluation tool should be 
parameterized in function of the task to evaluate, the target application and the environmental 
description. An example of flexibility which is required is the ability to select the part of the ground truth 
which is relevant to evaluate a given task. For instance, to evaluate a face tracker, we do not need a 
bounding box but an ellipse delineating the face. On the opposite, in a people counting application, the 
bounding box or just the center of gravity of the objects is perhaps sufficient. 
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