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ABSTRACT 
 
This chapter provides a survey of the major research efforts that have exploited computer vision tools to 
extend the content production industry towards automated infrastructures allowing contents to be 
produced, stored, and accessed at low cost and in a personalized and dedicated way. 
 
INTRODUCTION 
 
Today’s media consumption evolves towards increased user-centric adaptation of contents, to meet the 
requirements of users having different expectations in terms of story-telling and heterogeneous constraints 
in terms of access devices. Individuals and organizations want to access dedicated contents through a 
personalized service that is able to provide what they are interested in, at the time when they want it and 
through the distribution channel of their choice.   
 
Hence, democratic and personalized production of multimedia content is one of the most exciting 
challenges that content providers will have to face in the near future. In this chapter, we explain how it is 
possible to address this challenge by building on computer vision tools to automate the collection and 
distribution of audiovisual contents.  
 
In a typical application scenario, as depicted in Figure 1, the sensor network for media acquisition is 
composed of (microphones and) cameras, which, for example, cover a basket-ball field. Distributed 
analysis and interpretation of the scene are exploited to decide what to show or not to show about the 
event, so as to produce a video composed of a valuable subset from the streams provided by each 
individual camera, or interpolated from multiple cameras. The process involves numerous integrated 
technologies and methodologies, including but not limited to automatic scene analysis, camera viewpoint 
selection and control, and generation of summaries through automatic organization of stories. Considering 
the problem in a multi-camera environment not only mitigates the difficulty of scene understanding 
caused by reflection, occlusion and shadow in the single view case, but also offers higher flexibility in 
producing visually pleasant video reports. In final, multi-camera autonomous production/summarization 
can provide practical solutions to a wide range of applications, such as personalized access to local sport 
events through a web portal or a mobile hand-set (APIDIS, 2008; Papaoulakis, 2008), cost-effective and 
fully automated production of content dedicated to small-audience, e.g. souvenirs DVD, university 
lectures, conference (Rui, 2001; Al-Hames, 2007), etc, and interactive browsing and automated 
summarization for video surveillance (Yamasaki, 2008). 
 
From a technical perspective, this chapter will present a unified framework for cost-effective and 
autonomous generation of video contents from multi-sensored data. It will first investigate the automatic 
extraction of intelligent contents from a network of sensors distributed around the scene at hand. Here, 
intelligence refers to the identification of salient segments within the audiovisual content, using 
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distributed scene analysis algorithms. Second, it will explain how that knowledge can be exploited to 
automate the production and personalize the summarization of video contents.  

 
Figure 1. Vision of Autonomous Production of Personalized Video Summaries. 

 
In more details, to identify salient segments in the raw video content, multi-camera analysis is considered, 
with an emphasis on people detection methods relying on the fusion of the foreground likelihood 
information computed in each view. We will observe that multi-view analysis can overcome traditional 
hurdles such as occlusions, shadows and changing illumination. This is in contrast with single sensor 
signal analysis, which is often subject to interpretation ambiguities, due to the lack of accurate model of 
the scene, and to coincidental adverse scene configurations (Delannay, 2009). 
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To produce semantically meaningful and perceptually comfortable video summaries based on the 
extraction or interpolation of images from the raw content, our proposed framework introduces three 
fundamental concepts, i.e. “completeness”, “smoothness” and “fineness”, to abstract the semantic and 
narrative requirement of video contents. Based on those concepts, as a key contribution, we formulate the 
selection of camera viewpoints and that of temporal segments in the summary as two independent 
optimization problems. In short, those problems define and trade-off the above concepts as a function of 
the computer vision analysis outcomes, in a way that is easily parameterized by individual user 
preferences. Interestingly, the solution to the viewpoint selection problem is augmented by Markov 
regularization mechanisms (Chen, 2009-1; Chen, 2009-2), while the formulation of the summarization 
problem builds on a generic resource allocation framework (Chen, 2009-3).  
 
To demonstrate our framework, we consider both basket-ball and soccer use cases, and rely on some of 
the latest research outputs of the FP7 APIDIS research project (APIDIS, 2008). 
 
BACKGROUND 
 
In this section, we survey the main achievements related to distributed video analysis, and to autonomous 
production of personalized video summaries. In the meantime, we position our contributions with respect 
to previous works in those fields, to highlight the originality of the approaches presented in subsequent 
sections. 
 
Related Works in Autonomous Distributed Video Analysis 
 
Tracking multiple people in cluttered and crowded scenes is a challenging task, primarily due to occlusion 
between people. The problem has been extensively studied, mainly because it is common to numerous 
applications, ranging from (sport) event reporting to surveillance in public space. Detailed reviews of 
tracking research in monocular or multi-view contexts are for example provided in (Yilmaz, 2006) or 
(Khan, 2009). In the context of team sport event monitoring, all players have similar appearance.  For this 
reason, in this chapter, we focus on a particular subset of methods that do not use color models or shape 
cues of individual people, but instead rely on the distinction of foreground from background in each 
individual view to infer the ground plane locations that are occupied by people. 
 
Detection of people from the foreground likelihood information, i.e. the probability that a pixel in an 
image belongs to the foreground, computed in multiple views has been investigated in details in the past 
few years. We differentiate two classes of approaches. 
 
On the one hand, the authors in (Khan, 2006), (Lanza, 2007), (Khan, 2009), and (Delannay, 2009) adopt a 
bottom-up approach, and project the points of the foreground likelihood (background subtracted 
silhouettes) of each view to define a ground plane occupancy mask. Specifically, the change probability 
maps computed in each view are warped to (a set of planes that are parallel to) the ground plane based on 
homographies that have been computed off-line, e.g. based on reference points calibration. The projected 
maps are then merged to define the patches of the ground plane for which the appearance has changed 
compared to the background model and according to the single-view change detection algorithm. 
 
On the other hand, the works in (Berclaz, 2008), (Fleuret, 2008), and (Alahi, 2009) adopt a top-down 
approach. They consider a grid of points on the ground plane, and estimate the probabilities of occupancy 
of each point in the grid based on the back-projection of some kind of generative model in each one of the 
calibrated multiple views. Hence, they all start from the ground plane, and validate occupancy hypothesis 
based on associated appearance model in each one of the views. The approaches proposed in this second 
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category mainly differ based on the kind of generative model they consider (rectangle or learned 
dictionary), and on the way they decide about occupancy in each point of the grid (combination of 
multiple view-based classifiers in (Berclaz, 2008), probabilistic occupancy grid inferred from background 
subtraction masks in (Fleuret, 2008), and sparsely constrained binary occupancy map for (Alahi, 2009)). 
 
The first category of methods has the advantage to be computationally efficient, since the decision about 
ground plane occupancy is directly taken from the observation of the projection(s) of the change detection 
masks of the different views. In contrast, the complexity of the second category of algorithms depends on 
the number of ground plane points to be investigated (chosen to limit the area to be monitored), and on 
the computational load associated to the validation of each occupancy hypothesis. This validation process 
generally involves back-projection of a 3D-world template in each one of the views. Hence, in most 
practical cases, the first kind of approach is significantly less complex than the second one.  
 
Moreover, in the particular case for which the objects to detect are vertical, the methods from the first 
category can also exploit the entire silhouette of the object to decide about ground occupancy. This is 
done by projecting the foreground silhouettes on multiple parallel planes instead of on the ground plane 
only (Delannay, 2009), (Khan, 2009). Thereby, methods from the first category become able to achieve 
similar performances to the ones of the second category.   
 
Later in this chapter, we present a player detection method that brings two fundamental improvements to 
methods from the first category. First, it computes the ground occupancy mask in a computationally 
efficient way, based on the implementation of integral image techniques on a well-chosen transformed 
version of the foreground silhouettes. Second, it proposes an original and simple greedy heuristic to 
handle occlusions, and alleviate the false detections occurring at the intersection of the masks projected 
from distinct players’ silhouettes by distinct views. Until now, this phenomenon had only been taken into 
account by the method from the second category described in (Fleuret, 2008), through a complex iterative 
approximation of the joint posterior probabilities of occupancy. In contrast, whilst approximate, our 
approach appears to be both efficient and effective. 

 
 

Figure 2. Two Key Tasks in Automatic Video Editing: Camera Selection and Viewpoint Selection 
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Related Works in Autonomous Production  
 
Regarding the camerawork planning, we interpret the planning of “virtual” camera actions as selecting a 
camera view and its in-frame viewpoint, as depicted in Figure 2, rather than synthesizing a free-viewpoint 
scene. The related previous works are roughly classified into three major categories: 
• Event-triggered selection. Camera switching or viewpoint movements are triggered by certain 

activities detected in the scene from audiovisual clues, such as an object entering the field of view or 
an audio event happening. (Kubicek, 2005) and (Rui, 2001) consider a meeting room scenario, and 
switch to the camera that displays the speaker. Event-triggered systems usually target at people-sparse 
and low-activity scenarios, and perform selection based on naive but explicit rules. 

• Rule-based selection. More complicated conditions of camera switching can be achieved by 
introducing semantic or cinematic rules, relying on the analysis of objects, events and other 
contextual information. (Kubicek, 2005) used decaying curves to avoid fast camera switching and 
suppress too long shots in multimodal meetings. (Vronay, 2006-1; Vronay, 2006-2) selected a best 
shot from a list of candidate shots of each scene for a video conference or a multiplayer game TV 
show, according to pre-defined cinematic rules. (Papaoulakis, 2008) studied camera selection for 
athletic videos based on rules explicitly defined on user preferences and the characteristics of athletic 
events. The most challenge task is to extract explicit rules based on the integrated knowledge derived 
from scene understanding algorithms. For conference or athletic videos, it is possible to identify the 
dominant object of the scene, such as the speaker or the leading runner. Following this dominant 
object provides a reasonable and effective base to those rules. However, it is difficult to guide all 
camera/viewpoint selection with pre-defined rules for people-dense scenarios, such as basketball, 
where players change their speeds and directions all the time and the ball is passing rapidly between 
players. 

• Data-driven selection. Rather than defining explicit rules, methods in this category adaptively adjust 
camera and viewpoints by evaluating some criteria defined on the current contextual configuration. 
There are some methods proposed in the literature for selecting the most representative area from a 
standalone image (Suh, 2003; Xie, 2006), based on some visual attention model (Itti, 1998). In 
contrast, we presented an automatic video production system in (Chen, 2009-1), where the optimal 
camera/viewpoint is found by evaluating some global metrics about the completeness, fineness and 
occlusion of the scene, under the specified user preference. Compared to event-triggered or rule-based 
methods, data-driven selection is able to deal with people-dense, high activity scenarios, such as 
team-sports, in a flexible and efficient manner. 

 
Related works in Personalized Video Summaries 
 
Summarization implies selection of temporal segments and local stories organization. Here, we identify 
two classes of automatic methods that have addressed this problem in previous literature: 
• Methods targeting clustering of visual stimuli. Many works interpreted video summarization as 

extracting a short video sequence of a desired length from native video content, in a way that 
minimizes the loss resulting from the skipped frames and/or segments. Those methods differ in their 
various definition of the similarity between the summary and the original video, and in their 
diversified techniques to maximize this similarity. They cluster similar frames/shots into so called key 
frames (Tseng, 2003; Ferman, 2003), or solve constrained optimization of objective functions (Li, 
2005; Pahalawatta, 2005). Since they attempt to preserve as much as possible of the initial content, all 
those methods are well suited to support efficient browsing applications.  

• Methods targeting story-telling and semantic relevance. End-users’ motivation in viewing 
summaries is not limited to fast browsing of all clips in the whole video content. It also includes the 
intention to enjoy a concise video with well-organized story-telling and retrieval of semantically 
meaningful events that best satisfy users’ interest. Regarding semantic relevance, we observe that 
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many works have been devoted to the automatic detection of key actions in sport events, especially 
for football games (Qian, 2004; Ekin, 2004; Murphy, 2005; Jung, 2006; Pan, 2004; Gong, 2004). 
However, when addressing the problem of summary organization from actions, all those methods just 
implement pre-defined filtering or ranking procedures to extract the actions of interest from the 
original audiovisual stream. Typically, it just arbitrarily extracts a pre-defined fraction of the scene, 
e.g. 15 or 30 seconds prior the end of the last live action segment preceding the replay (Gong, 2004), 
without taking care of story-telling artifacts. In contrast, (Albanese, 2006) considers the continuity of 
the clips included in the generated summary to improve story-telling, and (Chen B.W., 2009) 
organizes stories by considering a graph model for managing semantic relations among concept 
entities. Compared to general videos, stories in sport videos have much simpler structures and a 
limited set of possible events, which allows for both local and global control of story-telling without 
the need for sophisticated ontology or semantic graph models, as demonstrated by our work (Chen, 
2009-3) in the context of soccer summarization. It unifies all previous works, in the sense of 
exploiting all kind of available knowledge, related to either production principles or the semantic of 
events. It goes beyond previous works by offering a flexible and generic resource allocation 
framework to adaptively select audio-visual segments into the summary according to user preferences. 
By evaluating the benefit of segments from both the content and the presentation style of the 
summary, our framework is able to balance the semantic (what is included in the summary) and 
narrative (how it is presented to the user) aspects of the summary in a natural and personal way, 
which is the fundamental difference of our method to filtering based approaches. 

 
AUTONOMOUS PRODUCTION OF PERSONALIZED VIDEO SUMMARIES 
 
To produce condensed video reports of a (sport) event, the temporal segments corresponding to actions 
that are worth being included in the summary have to be selected. For each segment, local story 
organization and production of associated content are also essential. In an autonomous system, all those 
steps have to be run in an integrated manner, independently of any human intervention. This section 
describes the first attempt to integrate video analysis, production, and summarization technologies to 
automatically produce content, according to individual user preferences. We first present an overview of 
the proposed integrated automatic production and summarization framework. We then illustrate in details 
two of its main components, namely people detection from multiple views and automatic camerawork 
planning, in a team sport environment covered by a distributed set of still cameras. 
 
Problem and solution overview 
 
Although good production strategy and story organization are relative to a person’s perspective, there are 
certain general principles whose implementation results in improved understanding of the scene, with a 
more enjoyable viewing experience.  
 
In our proposed framework, we identify three major factors affecting the quality of the produced 
summary, namely the “completeness”, the “fineness” and the “smoothness”, and interpret production and 
summarization as optimization processes that trade-off among these three factors. 
 
In more details, the factors are defined as follows: 
• Completeness stands for both the integrity of view rendering in camera/viewpoint selection, and that 

of story-telling in summarization. A viewpoint of high completeness includes more salient objects, 
while a story of high completeness consists of more key actions.  

• Smoothness refers to the graceful displacement of the virtual camera viewpoint, and to the 
continuous story-telling resulting from the selection of contiguous temporal segments. Preserving 
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smoothness is important to avoid distracting the viewer from the story by abrupt changes of 
viewpoints or constant temporal jumps (Owen, 2007). 

• Fineness refers to the amount of details provided about the rendered action. Spatially, it favors close 
views. Temporally, it implies redundant story-telling, including replays. Increasing the fineness of a 
video does not only improve the viewing experience, but is also essential in guiding the emotional 
involvement of viewers by close-up shots.   

 
Obviously, those three concepts have to be maximized to produce a meaningful and visually pleasant 
content. In practice however, maximization of the three concepts often results in antagonist decisions, 
under some limited resource constraints, typically expressed in terms of the spatial resolution and 
temporal duration of the produced content. For example, at fixed output video resolution, increasing 
completeness generally induces larger viewpoints, which in turns decreases fineness of salient objects. 
Similarly, increased smoothness of viewpoint movement prevents accurate pursuit of actions of interest 
along the time. The same observations hold regarding the selection of segments and the organization of 
stories along the time, under some global duration constraints.  
 
Hence, our production/summarization system turns to search for a good balance between the three major 
factors. It first defines quantitative metrics to reflect completeness, fineness, and closeness. It then 
formulates constrained optimization problems to balance those concepts. Interestingly, it appears that both 
the metrics and the problem can be formulated as a function of individual user preferences, typically 
expressed in terms of output video resolution, or preferred camera or players’ actions, so that it becomes 
possible to personalize the produced content.   
 
In addition, for improved computational efficiency, both production and summarization are envisioned in 
the divide and conquer paradigm. This especially makes sense since video contents intrinsically have a 
hierarchical structure, starting from each frame, shots (set of consecutive frames created by similar 
camerawork), to semantic segments (consecutive shots logically related to the identical action), and 
ending with the overall sequence.   

 

 
Figure 3. Automatic Production in Divide-and-conquer Paradigm 
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Figure 3 summarizes the framework resulting from the above considerations. The event timeframe is first 
cut into semantically meaningful temporal segments, such as an offense/defense round of team sports, or 
an entry in news. For each segment, several narrative options are considered. Each option defines a local 
story, which consists of multiple shots with different camera coverage. A local story not only includes 
shots to render the global action at hand, but also shots for explanative and decorative purposes, e.g., 
replays and close-up views in sports or graph data in news. Given the timestamps and the production 
strategy (close-up view, replay, etc) of the shots composing a narrative option, the camerawork associated 
to each shot is planned automatically, taking into account the knowledge inferred about the scene by 
video analysis modules.  
 
Benefits and costs are then assigned to each local story. The cost simply corresponds to the duration of 
the summary. The benefit reflects user satisfaction (under some individual preferences1), and measures 
how some general requirements, e.g., the continuity and completeness of the story, are fulfilled. Those 
pairs of benefits and costs are then fed into the summarization engine, which solves a conventional 
resource allocation problem (Everett, 1963) to find the organization of local stories that achieves the 
highest benefit under the constrained summary length.  
 
In the sequel, our framework for automatic planning of camerawork is described in details and 
demonstrated in the context of basket-ball production. Since our production framework relies on the 
knowledge of players’ positions, we also derive an original multi-view algorithm that detects people from 
their background-subtracted silhouettes.  
 
Due to space limitation, we omit the description of the summarization resource allocation framework, but 
refer interested readers to our paper (Chen, 2009-3) for a detailed description and a study of the football 
use case. 
 
Camerawork Planning for Team Sport Videos 
 
In this section, we develop an algorithm for basketball video production, as a realistic implementation of 
the above integrated framework for content production. Whilst extendable to other contexts (e.g. PTZ 
camera control), the process has been designed to select which fraction of which camera view should be 
cropped in a distributed set of still cameras to render the scene at hand in a semantically meaningful and 
visually pleasant way by assuming the knowledge of players’ positions in (Chen, 2009-1; Chen 2009-2). 
In Figure 4, we schematically depict the three steps composing the process, and describe them as follows. 
 
Step 1: Camera-wise Viewpoint Selection.   
At each time instant and in each view, we assume that the players’ supports are known, and select the 
cropping parameters that optimize the trade-off between completeness and fineness.  
 
Formally, a viewpoint vki in the kth camera view of the ith frame is defined by the size Ski and the center cki 
of the window that is cropped in the kth view for actual display. It has to be selected to include the objects 
of interest, and provide a fine, i.e. high resolution, description of those objects. If there are N salient 
objects in this frame, and the location of the nth object in the kth view is denoted by xnki, we select the 
optimal viewpoint vki*, by maximizing a weighted sum of object interests as follows:
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1 Note that this might involve video analysis, to measure the consistency between the preferences of the 
users, and the actual content of the scene. 
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In the above equation:  
• In denotes the level of interest assigned to the nth object detected in the scene. Note that assigning 

distinct weights to team sport players allows focusing on a preferred player, but also implies 
recognition of each player. Player digit recognition is for example considered in (Delannay, 2009). In 
the rest of the chapter, we assign a unit weight to all players, thereby producing a video that renders 
the global team sport action. 

• The vector u reflects the user constraints and preferences in terms of viewpoint resolution and camera 
view, u=[uclose ures  {uk}]. In particular, its component ures defines the resolution of the output stream, 
which is generally constrained by the transmission bandwidth or end-user device resolution. Its 
component uclose is set to a value larger than 1, and increases to favor close viewpoints compared to 
large zoom-out views. The other components of u are dealing with camera preferences, and are 
defined in the second step below. 

• The function α(.) modulates the weights of the objects according to their distance to the center of the 
viewpoint, compared to the size of this window. Intuitively, the weight should be high and positive 
when the object-of-interest is located in the center of the display window, and should be negative or 
zero when the object lies outside the viewing area. Many instances are appropriate (Chen, 2009-1), 
among which the well-known Mexican Hat function.  

• The function β(.) reflects the penalty induced by the fact that the native signal captured by the kth 
camera has to be sub-sampled once the size of the viewpoint becomes larger than the maximal 
resolution ures allowed by the user. This function typically decreases with Ski. An appropriate choice 
consists in setting the function equal to one when Ski< ures, and in making it decrease afterwards. An 
example of β(.) is defined by: 

 ( ), min ,1 ,

closeu
res

ki
ki

uS
S

β
⎡ ⎤⎛ ⎞

= ⎢ ⎥⎜ ⎟
⎝ ⎠⎣ ⎦

u  (1.2) 

where uclose > 1 increases to favor close viewpoints compared to large zoom-out views.  
 

 
Figure 4. A Three-step Implementation of the Above Production Framework  



 10

Step 2: Frame-wise Camera Selection  
We rate the viewpoint selected in each view according to the quality of its completeness/closeness trade-
off, and to its degree of occlusions. The highest rate should correspond to a view that (1) makes most 
object of interest visible, and (2) is close to the action, meaning that it presents important objects with lots 
of details, i.e. a high resolution.  
 
Formally, given the interest In of each player, the rate Iki(vki, u) associated to each camera view is defined 
as follows:

 
 ( ) ( ) ( )1

( , ) ,N nki ki
ki ki k n k nki k nki kin

ki

I u I o h S
S

β α
=

⎛ − ⎞
= ⋅ ⋅ ⋅ ⋅ ⋅ ⎜ ⎟

⎝ ⎠
∑

x c
v u x x x u  (1.3) 

In the above equation: 
• uk denotes the weight assigned to the kth camera, while α and β are defined as in the first step above. 
• ok(xnki | x̄  ) measures the occlusion ratio of the nth object in camera view k, knowing the position of all 

other objects. The occlusion ratio of an object is defined to be the fraction of pixels of the object that are 
hidden by other objects when projected on the camera sensor. 

• The height hk(xnki) is defined to be the height in pixels of the projection in view k of a six feet tall 
vertical object located in xnki. Six feet is the average height of the players. The value of hk(xnki) is 
directly computed based on camera calibration. When calibration is not available, it can be estimated 
based on the height of the object detected in view k. 

 
Step 3: Smoothing of Camera/Viewpoint Sequences.   
For the temporal segment at hand, we then compute the parameters of an optimal virtual camera that pans, 
zooms and switches across views to preserve high ratings of selected viewpoints while minimizing the 
amount of virtual camera movements.  
 
The smoothing process is implemented based on the definition of two Markov Random Fields, as shown 
in Figure 4. At first, we take kiv  as observed data on the ith image, and assume that they are noise-
distorted outputs of some underlying smooth results vki. Given the smooth viewpoint sequence recovered 
for each camera, we then compute camera-gains Iki(vki, u) of those derived viewpoints, and infer a smooth 
camera sequence from the second Markov field, by making the probabilities P(k|vki, u) of each camera 
proportional to the gains Iki(vki, u). 
 
More details about the smoothing process are available in (Chen, 2009-1). 
 
Compared to simple Gaussian smoothing filters, the depicted model enables adaptive smoothing by 
setting different smoothing strength on each individual frame. Furthermore, iterative slight smoothing in 
our method is able to achieve softer results than one-pass strong smoothing.  
 
Multi-view Player Detection and Recognition 
 
As explained above, autonomous production of visual content relies on the detection (and recognition) of 
object-of-interest in the scene. In this section, we explain how players can be detected based on joint 
processing of multiple views.  
 
The method is depicted in Figure 5. Similar to (Khan, 2009) or (Fleuret, 2008), our approach computes 
foreground likelihood independently on each view, using standard background modeling techniques. Our 
method then fusions those likelihoods by projecting them on the ground plane, thereby defining a set of 
so-called ground occupancy masks. The originality of our method compared to (Khan, 2009) comes both 
from the efficient computation of the ground occupancy mask associated to each view, and from the way 
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those masks are combined and processed to infer the actual position of players. In final, our method 
appears to improve the state of the art both in terms of computational efficiency and detection reliability. 
  

 
Figure 5. Multi-view People Detection. Foreground masks are projected and aggregated to define a 
ground plane occupancy map, from which players’ positions are directly inferred. 
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Formally, the computation of the ground occupancy mask Gk associated to the kth view is described as 
follows. At a given time, the kth view is the source of a foreground likelihood image Fk ∈[0,1]Mk , where 
Mk is the number of pixels of camera k, 0 < k < C. Due to the player verticality assumption, vertical line 
segments anchored in occupied positions on the ground plane support a part of the detected object, and 
thus back-project on foreground silhouettes in each camera view. Hence, to reflect ground occupancy in 
x, the value of Gk in x is defined to be the integration of the (forward-)projection of Fk on a vertical 
segment anchored in x. Obviously, this integration can equivalently be computed in Fk, along the back-
projection of the vertical segment anchored in x. This is in contrast with (Khan, 2009), which computes 
the mask by aggregating the projections of the foreground likelihood on a set of planes that are parallel to 
the ground.  
 
To speed up the computations associated to our formulation, we observe that, through appropriate 
transformation of Fk, it is possible to shape the back-projected integration domain so that it also 
corresponds to a vertical segment in the transformed view, thereby making the computation of integrals 
particularly efficient through the principle of integral images. Figure 6 illustrates that specific 
transformation for one particular view. The transformation has been designed to address a double 
objective. First, points of the 3D space located on the same vertical line have to be projected on the same 
column in the transformed view (vertical vanishing point at infinity). Second, vertical objects that stand 
on the ground and whose feet are projected on the same horizontal line of the transformed view have to 
keep same projected heights ratios. Once the first property is met, the 3D points belonging to the vertical 
line standing above a given point from the ground plane simply project on the column of the transformed 
view that stands above the projection of the 3D ground plane point. Hence, Gk(x) is simply computed as 
the integral of the transformed view over this vertical back-projected segment. Preservation of height 
along the lines of the transformed view even further simplifies computations. 
 

 
Figure 6. Efficient computation of the ground occupancy mask: the original view (on the left) is mapped 
to a plane through a combination of homographies that are chosen so that (1) verticality is preserved 
during projection from 3D scene to transformed view, and (2) ratio of heights between 3D scene and 
projected view is preserved for objects that lies on the same line in the transformed view. 
 
For side views, these two properties can be achieved by virtually moving (through homography 
transforms) the camera viewing direction (principal axis) so as to bring the vertical vanishing point at 
infinity and ensure horizon line is horizontal. For top views, the principal axis is set perpendicular to the 
ground and a polar mapping is performed to achieve the same properties. Note that in some geometrical 
configurations, these transformations can induce severe skewing of the views. 
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Given the ground occupancy masks Gk for all views, we now explain how to infer the position of the 
people standing on the ground. A priori, in a team sport context, we know that (i) each player induces a 
dense cluster on the sum of ground occupancy masks, and (ii) the number of people to detect is equal to a 
known value N, e.g. N = 12 for basket-ball (10 players + 2 referees). 
 
For this reason, in each ground location x, we consider the sum of all projections -normalized by the 
number of views that actually cover x-, and look for the higher intensity spots in this aggregated ground 
occupancy mask. To locate those spots, we have first considered a naive greedy approach that is 
equivalent to an iterative matching pursuit procedure. At each step, the matching pursuit process 
maximizes the inner product between a translated Gaussian kernel, and the aggregated ground occupancy 
mask. The position of the kernel which induces the larger inner-product defines the player position. 
Before running the next iteration, the contribution of the Gaussian kernel is subtracted from the 
aggregated mask to produce a residual mask. The process iterates until sufficient players have been 
located. 
 
This approach is simple, but suffers from many false detections at the intersection of the projections of 
distinct players silhouettes from different views. This is due to the fact that occlusions induce non-
linearities in the definition of the ground occupancy mask2. Hence, knowledge about the presence of some 
people on the ground field affects the informative value of the foreground masks in these locations. In 
particular, if the vertical line associated to a position x is occluded by/occludes another player whose 
presence is very likely, this particular view should not be exploited to decide whether there is a player in x 
or not.  
 
For this reason, we propose to refine our naive approach as follows. To initialize the process, we define 
Gk

1(x) = Gk(x) to be the ground occupancy mask associated to the kth view, and set wk
1(x) to 1 when x is 

covered by the kth view, and to 0 otherwise.  
 
Each iteration is then run in two steps. At iteration n, the first step searches for the most likely position of 
the nth player, knowing the position of the (n-1) players located in previous iterations. The second step 
updates the ground occupancy masks of all views to remove the contribution of the newly located player. 
 
Formally, the first step of iteration n aggregates the ground occupancy mask from all views, and then 
searches for the denser cluster in this mask. Hence, it computes the aggregated mask as: 

 ( )
( )

( )
1

1

. ( )
,k k

C n n
n k

C n
k k

w x G x
G x

w x
=

=

= ∑
∑

 (1.4) 

and then defines the most likely position xn for the nth player by 
 argmax , ( )n

n
y

x G yψ= < >  (1.5)  

where ψ(y) denotes a Gaussian kernel centered in y, and whose spatial support corresponds to the typical 
width of a player. 
 
In the second step, the ground occupancy mask of each view is updated to account for the presence of the 
nth player. In the ground position x, we consider that the typical support of a player silhouette in view k is 
a rectangular box of width W and height H, and observe that the part of the silhouette that occludes or is 
occluded by the newly detected player does not bring any information about the potential presence of a 
player in position x. In (Delannay, 2009), we estimate the fraction φk(x, xn) of the silhouette in ground 

                                                 
2 In other words, the ground occupancy mask of a group of players is not equal to the sum of ground occupancy 
masks projected by each individual player. 
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position x that becomes non-informative in the kth view, as a consequence of the presence of a player in 
xn. We then propose to update the ground occupancy mask and aggregation weight of the kth camera in 
position x as follows: 
 ( ) ( ) ( ) ( )( )1 1max 0, , . ,n n

k k k n k nG x G x x x G xϕ+ = −  (1.6) 

 ( ) ( ) ( )( )1 max 0, , .n n
k k k nw x w x x xϕ+ = −  (1.7) 

For improved computational efficiency, we limit the positions x investigated in the refined approach to 
the 30 local maxima that have been detected by the naive approach. 
 
For completeness, we note that the above described update procedure omit the potential interference 
between occlusions caused by distinct players in the same view. However, the consequence of this 
approximation is far from being dramatic, since it ends up in omitting part of the information that was 
meaningful to assess the occupancy in occluded positions, without affecting the information that is 
actually exploited. Taking those interferences into account would require to back-project the player 
silhouettes in each view, thereby tending towards a computationally and memory expensive top-down 
approach such as the one presented in (Fleuret, 2008) and (Alahi, 2009). In these approaches, the authors 
propose formulations that simultaneously search for the N positions that best explain the multiple 
foreground masks observations. However, jointly considering all positions increases the dimensionality of 
the problem, and dramatically impacts the computational load. Since our experimental results show that 
our proposed method does not suffer from the usual weaknesses of greedy algorithms, such as a tendency 
to get caught in bad local minima, we believe that it compares very favorably to any joint formulation of 
the problem, typically solved based on iterative proximal optimization techniques. This statement is for 
example confirmed when comparing the results reported in (Delannay, 2009) and (Alahi, 2009). 

 
Figure 7. ROC Analysis of Player Detection Performance 

 
Experimental Results 
 
In Figure 7, we plotted the average missed detection and false detection rates that are achieved by our 
method on a 3 minutes-long segment of the APIDIS basket ball dataset. Distinction is made between the 
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performance of our basic approach - which can be related to the approach proposed by (Khan, 2009) - and 
the improvement brought by our refined approach. We also plotted the results that we obtained when 
projecting the foreground masks on the ground plane only, similar to the approach described in (Khan, 
2006). The achieved performance is quite satisfying with respect to the automatic production process 
requirements. Using these results as input, a tracking algorithm can further improve the performance 
assuming temporal consistency of player tracks. Combined with a number recognition (OCR) algorithm, 
one can track individual players from the time they enter until they exit the court. This knowledge can 
then be used to infer the valuable information about the ongoing events to feed the personalized 
summarization process. 
 
Figure 8 gives the thumbnails of the videos produced under three different display resolutions, based on 
the above player detection performance. When the resolution is low, the selected viewpoint will focus on 
less objects or more condensed area, e.g. side view from the far end as shown in the first column. When 
the resolution gets higher, the selected viewpoint will include more objects and favor wide views. Readers 
are invited to visit the website of APIDIS project (Apidis, 2008), to view more video results and forge 
their own opinions. Extensive quantitative results on system behavior and subjective evaluation can be 
found in (Chen, 2009-1~2009-3). 

 
Figure 8. Results of Automatic Video Production 

 
FUTURE RESEARCH DIRECTIONS 
 
The technology presented in this chapter paves the way for a novel discipline, with numerous applications 
ranging from coaching assistance to sport event production and summarization. Practical deployment of 
commercially viable systems would however benefit from advances related to: 
• Improved computational efficiency. Real-time and low latency implementation of the players’ 

detection algorithms would allow to control the parameters of a (set of) dynamic pan-tilt-zoom 
camera(s), by using the autonomous production principles to select appropriate PTZ parameters to 
render the scene. This would dramatically improve the quality of images compared to the ones 
generated based on still image cropping, which in turns would open TV broadcast markets.  

• Improved story organization. The mechanisms controlling camerawork planning and local/global 
story organization are quite flexible in the way they integrate the user preferences and the applicative 
context. In particular, the importance assigned to a particular salient object or the benefit resulting 
from a local story can be arbitrarily chosen. This opens the door for a wide range of application 
scenarios, both within and outside sport environment. 

• Automatic collection of meta-data. Although our frameworks of video production and 
summarization can live with few semantic meta-data (Chen, 2009-2; Chen, 2009-3), their 
personalization capabilities can be significantly refined by integrating more abundant and accurate 
meta-data. We expect improved automatic collection of meta-data, by making further progress on 
player recognition (see Delannay, 2009), ball tracking, and event recognition. Being able to generate 
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those metadata automatically could also open perspectives in terms of annotation of content resulting 
from conventional human-made production. 

• Inclusion of audio information. Synthesis of audio commentary from the knowledge collected about 
the action is certainly a central task to consider in a near future. It brings benefits in terms of user 
experience, but also multimodal challenges related to the definition of audiovisual completeness, 
smoothness, and fineness.  

 
CONCLUSION 
 
It appears from this chapter that our method for producing personalized video summaries has four major 
advantages. Namely, it offers 1.) Strong personalization opportunities.  Semantic clues about the events 
detected in the scene can easily be taken into account to adapt camerawork or story organization to the 
needs of the users. 2.) Improved story-telling complying with production principles. On the one hand, 
production cares about smooth camera movement while focusing on semantically meaningful actions. On 
the other hand, summarization naturally favors continuous and complete local stories. 3) Computational 
efficiency. We adopt a divide-and-conquer strategy and consider a hierarchical processing, from frames to 
segments. 4) Generic and flexible deployment capabilities. The proposed framework balances the benefits 
and costs of different production strategies, where benefits and other narrative options can be defined in 
many ways, depending on the application context. 
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