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Abstract – Efficient video camera network design 

ensures performance of networked cameras in video 

surveillance systems, but also in virtual reality, scene 

reconstruction, etc. These applications require efficiency 

at different performance level. Several authors have 

addressed this problem in the past, but none considered 

the Human in the Loop (HIL). In this paper we propose 

a modular sequential architecture that includes 

interaction with an end-user in order to obtain a 

deployment solution in near-real time. A possible 

solution is outlined and their related tradeoffs are 

presented. 

 

Keywords: optimal sensor design, video analytic, multi-

objective. 

 

1 Introduction 

Multimedia applications are becoming more and more 

present nowadays, video surveillance, virtual and 

augmented reality for instance require a camera network 

as events are happening in a large space and occlusions 

have to be tackled. Also, as imaging sensors are becoming 

cheaper and easier to deploy, systems featuring an 

increasing number of video cameras will be exploited in 

the future. Consequently, there arises the main problem of 

optimizing the network performance in terms of coverage. 

Different applications may require different coverage 

requirements where constraints are put in competition to 

give a set of compromise solutions. 

The sensor placement problem can be regarded as the 

art-gallery problem [5], or a variant of it such as the 

watchmen tour problem or the floodlight illumination 

problem.  However, this approach which tends to 

determine the minimum number of sensors used to cover 

an area is limited because for areas of complex shape, 

excessive number of sensors must be used to satisfy the 

requirement, also unrealistic assumptions are employed to 

model the camera (unlimited field of view, infinite depth 

of field, etc.). 

Even if this problem has proven to be NP-Hard in 2D 

and 3D dimensions, many authors have proposed 

interesting solutions (see [1] for a review) with variations 

of this problem statement with more realistic requirements 

formulation. Nevertheless, as far as we know all of the 

authors make use of one step solutions where all 

constraints and objective functions are expressed and 

solved at the same time in a multi-objective framework. 

The purpose of this paper is to express this multi-objective 

combinatorial problem in a modular sequential solution 

where the end-user interacts with the system to obtain a 

faster and more intuitive solution. This challenge has been 

pointed-out in [11] and permits: 

• a representation of knowledge and reasoning, 

• a graphical display to facilitate inferential 

chains, collaborative interaction, 

• an interactive control for correction and utility 

assessment for knowledge management.  

The next section reviews the related literature on this 

subject.  Section 3 will presents architecture of the system.  

Section 4 will give preliminary results and performances 

of the proposed approach. The paper ends with a 

conclusion and will comment on possible improvements. 

2 Related work 

A survey of optimal placement of multiple visual 

sensors is given in [1], recent surveys can be found in [2, 

3]. For instance in [3,6] authors have looked at camera 

placement with unlimited sensor visibility, however their 

concerns were to optimize budget, area and sensor 

visibility redundancy.  In [7,10] the authors propose a 

solution with a limited sensor visibility but for indoor 

surveillance and no 3D reconstruction consideration.  In 

[8,9] the authors have looked at 3D reconstruction 

accuracy given a stereo camera or a camera network 

positioned around a convex hull in 3D looking at the 

center of the measured objects.  Their proposed solution is 

specially designed for close range photogrammetric 

projects or tele-immersive systems. Therefore, the 

problem complexity is reduced because the cameras are 

positioned around a compact region of interest (ROI) and 

cameras can be positioned on specific points on a grid 

surrounding the ROI.   

For outdoor surveillance, region of interest are 

dispatched around line-of-sight obstacles, and camera can 

be positioned on many potential locations.  Each of these 

locations is of relative installation cost for the systems 

integrator.  The major contributions of this paper are: 
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• A formulation of the general camera placement 

problem with modular objective functions and constraints 

than can be switched on and off. 

• An efficient solution to the sensor placement 

problem considering HIL and a possible use case. 

3 Problem definition and resolution 

The general camera placement problem is a global 

optimization problem, and the challenge is to find where 

to put a set of cameras Π in a scene � satisfying a set of 

constraints � and minimizing a given cost function ��. �, 
or in a more compact form: 

 

 argmin� ��Π� subject to � given � (1) 

Where Π � ��� … ��� and � is the optimal number of 

cameras to be found. 

The general camera placement in Eq. (1) can be 

expressed differently depending on the task at hand. 

Whether one seeks to identify faces, or count people, or 

track targets the constraints and objective functions will 

vary. 

The video surveillance platform developed at INO 

typically follow the situation awareness model (SAW) 

level 1 objective [11], which is the perception of elements 

in the environment. Furthermore this global objective is 

divided into sub-goals: situation element acquisition, 

element association with common referencing and 

situation element refinement. From these goals we can 

draw sets of typical objectives and associated constraints 

(see section 3.3). 

3.1 Multiobjective optimization problem 

Identifying an optimal configuration of multiple sensors 

to cover as much area as possible with a minimum number 

of sensors is a combinatorial problem involving 

conflicting objectives.  The problem becomes tractable 

given the progress over recent years of techniques to solve 

multiobjective optimization problems. 

 The most used methods are the interactive methods, 

such as simplex and methods that exploit metaheuristics 

such as simulated annealing, Tabu search and genetic 

algorithms (see [15] for an exhaustive overview of these 

methods).  Arguably the most popular among them are the 

evolutionary algorithms. Other optimization package 

using simplex methods such as CPLEX [6, 7] are also 

widely used for solving similar problems either for the art 

gallery problem. In our solution, the genetic algorithms 

(GA) are chosen for their generality of use to solve 

multiobjective functions and because have been applied in 

[3] and shown to be suitable for such a problem and more 

effective than weighted sum methods. 

We focus on the feasibility of our multiobjective 

formulation to converge as fast as possible to an 

acceptable solution.  Indeed, we aim by this approach to 

give an interactive decision support for the sensor 

deployment problem. 

3.2 Objective functions expression 

We will consider the following possible objectives 

functions, but not limited to them.  

 

Visibility; a point p in V is visible if there is a direct line 

of sight with at least one sensor. Given a volumetric area 

�, find a camera set Π minimizing a given cost ��. � such 

that � � �  � is visible from some camera �� � Π: 

 

 argmin� ��Π�  �. �.   Δ���, �� � ���#�   (3) 

Δ���, �� ��� � �: �%&'� � &� (&�&)*+ ,-%. /0.+-0 ���  
 

The area visible from a given sensor is restricted by 

occlusions and sensor field of view (FOV).  We therefore 

defined occlusions to be geographical features like 

buildings or trees areas.  Visibility computation on the 

surface is based on line-of-sight (LOS).  Walls with 

vertical height define an occlusion (see [14]).   

 

Spatial resolution; a point p in V is spatially resolved if 

its size on at least one sensor is exceeding at least a given 

threshold. Given a volumetric area �, find a camera set Π 

minimizing a given cost ��. � such that � � �  � is visible 

from some camera �� � Π with a given minimum required 

spatial resolution. 

 

 argmin� ��Π�  �. �.   Ω���, -, �� � ���#�   (4) 

Ω���, -, �� �
2� � �: �%&'� � &� (&�&)*+ ,-%. /0.+-0 �� 3&�4 ��0�&0* -+�%*5�&%' 6-+0�+- �40' - 7  

 

This objective function is useful for target tracking, and 

target identification applications. We define targets to be 

human, car or airplane with typical size and associate with 

these sizes a minimal image representation size in order to 

fulfill either one or both of the monitoring goals. The 

spatial resolution is computed from the sensor depth of 

field (DOF) characteristics but also from the sensor 

detector array size. Either one or the other can be taken 

into account while computing the spatial resolution 

objective.  

When considering the DOF, a threshold defining the 

minimal circle of confusion (COC) limits the near and far 

limit of the sensor DOF with respect to the target. The 

COC is useful for target identification based on the 

analysis of the actual blob content, or blob content 

resolution on the image. 

 When considering sensor detector array size, a 

threshold defining the minimum acceptable target 

silhouette on the image is defined, and will limit the 

tracking or identification of the target. 

 

Localization resolution, a point p in V is located if the 

scene positional error from at least one sensor is inside a 
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given threshold. Given a volumetric area �, find a camera 

set Π minimizing a given cost ��. � such that � � �  � is 

visible from some camera �� � Π with a given minimum 

required scene localization resolution. 

 

 

 argmin� ��Π�  �. �.   Φ���, *, �� � ���#�   (5) 

Φ���, *, �� �
9 � � �: �%&'� � &� (&�&)*+ ,-%. /0.+-0 �� 3&�4 *%/0*&:0�&%' -+�%*5�&%' �.0**+- �40' *;  

 

The localization error is computed from the image 

detection algorithm of a target and its associated error on 

the ground. The image error is proportional to the blob 

size, smaller blobs produce smaller error and the contrary 

is true. For details on how the localization error is 

computed see [14]. 

3.3 Proposed algorithm 

Our algorithm consists of scene meshing, visibility test, 

maximal camera placement formulation, objective 

function formulation and solution computation based on 

Genetic Algorithms as shown in Fig. 1. Considering HIL, 

the end-user can have several system interactions at 

different step of the solution process. 

Scene creation The scene consists of polygonal region.  

First the area of interest is identified and its surroundings 

are delimited.  Then the walls defining the potentials 

occlusions are delimited in the same manner.  Finally, 

cameras potential sites are discretized as regularly spaced 

sites along the walls of the scene. For each of these sites a 

set of regularly spaced possible pan angles are used. This 

discretization helps to reduce the search space and allows 

us to precompute the visibility between every point of 

interest and every possible camera configuration. 

Scene meshing Meshing is in important task in the 

optimal sensor deployment problem, especially when 

dynamic environment is considered. In this paper, we run 

simulations with regular meshing (Fig. 5 and 7) and we 

also tried irregular triangular meshing, based on Delaunay 

techniques, which are more suitable for general area shape 

(Fig. 8 and 9). We also present in Fig. 9 and 10 results 

obtained with the previous mesh for which we increased 

the number of elements in the regions of interest (ROI). 

Problem formulation At this step the end-user choose 

the possible objective functions to be evaluated and 

appropriate range that bound the parameters search space. 

Those parameters are typically FOV, sensor detector, 

possible sensor pose, etc. 

Scenarios initialization Sensors have several 

characteristics like depth of field (DOF), spatial 

resolution, may have variable focal length with associated 

field of view (FOV), etc.  A scenario is a fix number of 

sensors with known parameters that are evaluated under a 

set of objective functions. Those sensors are either placed 

randomly by the GA algorithm or at specific sites chosen 

by the end-user. 

Cost function evaluation At this step the objective 

functions are computed inside the GA solver. The GA 

computation was made via the global optimization 

toolbox under Matlab™. The GA toolbox can deal with 

multiple objective functions and single objective function. 

It is also possible for the end-user to only evaluate a pre-

defined or already deployed scenario. 

 

 

Figure 1 Flow of proposed camera placement algorithm 

GA solution and layout The GA algorithm propose 

several possible scenarios along the Pareto front. 

Typically the system is parameterized to give a small 

amount of them in order for the end user to be able to 

visualize them all. 

Scenario selection Only one solution computed at a 

previous step that is along the Pareto front is selected and 

a new set of objective functions and objective functions is 

established if the end-users wants to further investigate 

this possible solution. 

3.4 GA implementation 

 In our GA implementation we use very simple rules, 

and not many efforts were put in order to fine tune our 
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strategy since for this first implementation the speed and 

quality of our algorithm were fairly acceptable. 

The population is initialized randomly with a uniform 

distribution of a population size of 30 integer individuals 

and bounded by the min and max value of each variable 

parameter. The raw fitness scores that are returned by the 

fitness function are scaled by the raw scores based on the 

rank of each individual instead of its score. The rank of an 

individual is its position in the sorted scores. The rank of 

the fit individual is 1 the next most fit is 2, and so on.  

The selection rule for specifying how the genetic 

algorithm chooses parents uses stochastic universal 

sampling (SUS). It has the following advantages: less 

stochastic noise, is fast, is easy to implement and has a 

constant selection pressure [17].  The crossover rule for 

combining two individuals uses a uniform or random 

crossover; i.e. each gene has an equal chance of coming 

from either parent. The mutation rule specifies how the 

genetic algorithm makes small random changes in the 

individuals in the population to create mutation children. 

In our case, we use a Gaussian distribution to each entry 

of the parent vector with scale and shrink parameters set 

to 1 and 0.1. We also impose migration to every 20 

generation so the best individuals from one subpopulation 

replace the worst individuals in another subpopulation. 

The algorithm stops when the maximum number of 

generation has been reached.  

3.5 User Centric Approach 

As said before, we propose a user centric approach 

where the user interacts dynamically with the system.  

As illustrated in Fig. 2 the user has the ability to select 

the sensor parameters used in the optimization process as 

well as the objective to optimize. Also we the end-user 

has full control over the scene definition and the number 

of potential sensor sites and the mesh used for objective 

evaluation. The system uses these definitions to 

precompute the line of sight between sensor locations and 

mesh points. Also, the user interacts with the system 

during the optimization process. The optimization process 

starts with no sensor and adds new sensors until the user is 

satisfied with the obtained solution. At every iteration the 

end-user is asked to select his preferred solution among a 

set of solution clusters. Once a solution is selected we 

inject this solution to the optimizer for the next iteration. 

This allows us to dramatically reduce the search space 

after each new iteration and thus provides acceptable 

running times on a normal PC workstation. The 

optimization process is shown in Fig. 4. 

In order to visually select the solutions along the Pareto 

front or those that are in competition for a minimum, 

solutions are grouped together to form small clusters. The 

number of clusters is kept minimal (in our case 5 is the 

maximum) for ease of navigation through them and take a 

decision. Then the end user will select one of them and 

continue to the next iteration. 

Solutions agglomeration is done by agglomerative 

hierarchical cluster analysis on competitive solutions. A 

solution consists of integer coefficients taken from a list 

of possible sensor values. First, pairwise Euclidean 

distance between pairs of solutions is computed. It is done 

by normalizing each list of coefficients, so to make sure 

one class of coefficients (for instance the camera field-of-

view) will not dominate the agglomeration. It could be 

interesting though to weight list of coefficients if we want 

the sensor position to be the major characteristic of 

distinctness between solutions for example. 

Then clusters are computed based on the nearest 

neighbor algorithm using Euclidean distances between 

pairwise solutions.  A ranking for each cluster is done 

based on the distance to the cluster centroid, finally the 

median is taken and exposed to the end user (see fig. 3). 

The median should fairly represent a typical solution for 

this cluster even though some small changes between data 

exist.  

 

 

Figure 2 Use case diagram 

 

 

Figure 3 Intermediate solutions proposed to the end user 

representing four most representative solutions among the 

243 computed by the GA algorithm as been minimal. 
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Figure 4 Optimization process 

4 Experimental results 

The approach described in the previous sections is 

applied to an indoor area to optimize sensor placement. 

We consider the area presented in Fig. 5 which represents 

an exhibition hall. All the computation was done under a 

Pentium 3.3 GHz dual core with 3Gig of Ram. 

In order to illustrate the efficiency of our proposed 

method we will show a possible solution obtained with 6 

cameras and compare it to [4] and [16], as shown in Fig. 

5, 6, 7, 8 and 9.   

 

 

 

Figure 5 Erdem and Sclaroff [4] solution with 100% 

coverage and 6 cameras with visibility only. 

 

 

 

Figure 6  Fortin [16] solution with 100% coverage and 8 

cameras with visibility only. 
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Figure 7 Solution for visibility only, with 6 cameras and a 

regular mesh. 

 

 

Figure 8 Solution for visibility and spatial resolution with 

6 cameras 

 

Figure 9 Solution for visibility and localization resolution 

with 6 cameras 

The following figures show resolution with a different 

mesh type, computed by a Delaunay triangulation. It is 

interesting to observe that the sensor position will vary 

according to the number of points to be visible, those 

areas may be areas of greater interest than the others. 

 

Figure 10 Solution for visibility only, 6 cameras non-

uniform mesh density using Delaunay algorithm. 

In order to compare the efficiency and computational 

burden of our algorithm, we present in Table 1, the 

computational time and perc. of coverage for three 

objectives combinations (visibility only, visibility and 
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spatial resolution, visibility and localization resolution) 

with increasing number of sensors. 

Table 1 Computational time (sec.) and % of coverage 

Cost type  visibility Vis. + Spat. 

resolution 

Vis + Loc. 

resolution 

2 cams 20s 70% 18s 65% 21s 66% 

3 cams 25s 82% 25s 79% 26s 79% 

4 cams 27s 88% 28s 84% 31s 81% 

5 cams 29s 93% 30s 90% 29s 89% 

6 cams 31s 96% 32s 96% 32s 96% 

7 cams 31s 96% 38s 94% 37s 96% 

 

  It is interesting to see that after 6 cameras there is no 

substantial improvement in visibility. Also the time is 

close to real time for an interactive tool and the quality of 

results is close to the optimal solution. 

 

5 Conclusion 

In this paper, we have presented an algorithm for sensor 

placement supporting security video monitoring for 

ground activities.  The optimal sensor configuration was 

obtained using a modular architecture allowing 

interactivity. Complex problems can have very fast 

solution when considering HIL. While our system is still 

at a prototype stage, it is shown that this approach has the 

potential to deal with complex problems.  

In the future, this work can be extended to compute the 

visibility on the fly using finite height walls and thus 

permitting to treat a much larger class of problems.  

Investigation of hierarchical approach to gridding with 

intermediate multiobjective solution in order to reduce the 

search space can be interesting. Finally, camera’s cost and 

installation cost can be added to the list of objective 

functions. 
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