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Abstract 
 

Most existing sensor planning algorithms find it 

difficult to tackle the discrepancy between a PTZ 

camera’s limited instant field of view (FOV) and 

panoramic achievable FOV.  In this paper, we 

introduce the probability of camera overload to 

resolve this discrepancy and present a sensor 

planning algorithm for PTZ cameras under the same 

framework as static cameras.  The resulting camera 

placement achieves the optimal balance between 

coverage and handoff success rate.  Furthermore, our 

algorithm is able to incorporate the target’s 

dynamics into sensor planning.  As a result, the 

system’s handoff success rate can be maintained in 

environments with various target densities. 

Experimental results and comparisons with a 

reference algorithm proposed by Erdem and Sclaroff 

verify the effectiveness of our algorithm via a 

significantly improved handoff success rate. 
 

1. Introduction 
 

With the increased scale and complexity involved 

in most practical surveillance applications, it is 

almost impossible for any single camera (either 

omnidirectional or PTZ) to fulfill tracking and 

monitoring with an acceptable degree of continuity 

and/or a reasonable accuracy.  Systems with multiple 

cameras find extensive applications in these 

situations.  The concept of sensor planning comes 

naturally when the question of how to place multiple 

cameras for the best coverage and at the lowest cost 

arises. 

In literature, most sensor planning algorithms are 

proposed for such applications as 3D object 

inspection and reconstruction [1-3]. Sensor planning 

for surveillance systems also received increasing 

attention in recent years [4, 5].   Cameras are placed 

such that a full or specified coverage of the 

environment or object is achieved.  A probabilistic 

camera planning framework with visibility analysis of 

dynamic occlusions was proposed by Mittal and Davis 

[6].  Erdem and Sclaroff defined different types of 

coverage problems and developed corresponding 

solutions [7]. The conventional requirements in 

sensor planning, such as coverage and visibility, are 

unable alone to ensure an automated tracking in real-

time surveillance systems.  A uniform and sufficient 

amount of overlap between the FOVs of adjacent 

cameras should be reserved so that consistent labeling 

and camera handoff can be executed successfully.  

Sensor planning algorithms achieving the optimal 

balance between coverage and handoff success rate 

are discussed for static perspective cameras in [8]. 

However, most existing sensor planning 

algorithms find it difficult to properly model PTZ 

cameras.  Let the instant FOV denote the FOV that a 

PTZ camera can see at any given time instance and 

the achievable FOV the FOV that a PTZ camera can 

survey given a sufficient period of time.  The 

camera’s limited pan and tilt speeds lead to the 

discrepancy between the instant and achievable 

FOVs, which in consequence introduces difficulties in 

modeling PTZ cameras for sensor planning.  Some 

algorithms simply use the achievable FOV for the 

sensor planning of PTZ cameras.  Erdem and Sclaroff 

defined the reachable region to model PTZ cameras 

[7].  It is assumed that a PTZ camera has two end 

points for panning. The reachable region corresponds 

to the intersection areas that the PTZ camera can pan 

from these two end points during a given period of 

time. The reachable region represents the camera’s 

coverage in the worst case since these two end points 

are the farthest points in the camera’s achievable 

FOV. This may result in a camera placement with 

excessive overlapped achievable FOVs.  

In this paper, we extend our previous work 

regarding static perspective cameras to PTZ cameras 

by introducing the probability of camera overload. 

The significance of deriving the probability of camera 

overload is two-folded.  (1) It solves the discrepancy 

between the PTZ camera’s instant and achievable 

FOVs and provides the optimal placement from a 

statistical perspective.  In comparison, Erdem and 

Sclaroff’s method is able to provide a sensor 

placement in the worst case scenarios depending on 
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the starting point of pan and the given period of time.  

(2) The target’s dynamics are incorporated into 

sensor planning.  The optimal camera placement is 

obtained according to the targets’ statistical 

distribution in the environment.  More overlapped 

FOVs are secured for more clustered environments so 

that the target has more freedom to be transferred to 

another camera when experiencing camera overload 

or dynamic occlusion.  On the contrary, the sensor 

placement generated from Erdem and Sclaroff’s 

method only depends on the environment’s geometry 

but disregards the target’s dynamics.   

The remainder of this paper is organized as 

follows. The sensor planning algorithm for PTZ 

cameras is described in Section 2.  Section 3 derives 

the probability of camera overload.  Section 4 

presents our experimental results and Section 5 

concludes the paper.  
 

2. Sensor planning 
 

Figure 1 illustrates the flow chart of the proposed 

sensor planning algorithm.  Given the ith grid on the 

floor plan and the j
th camera’s parameters, 

observation measure Qij is computed to describe the 

suitability of the i
th grid observed by the j

th camera.  

Meanwhile, the probability of camera overload at the 

i
th grid Pco,i describing the probability that all the 

observing cameras have reached the maximum 

computational load is evaluated.  Based on Qij and  

Pco,i, the objective function ci of the i
th grid is 

formulated and  used to guide the search of the 

optimal camera parameters TC,j.  

Assume that a polygonal floor plan is represented 

as an occupancy grid. The j
th camera is placed at 

T
jZjYjXjC TTTT ][ ,,,, = and the coordinates of the 

i
th grid on the floor plane are T

iYiXi GGG ][ ,,= . The 

observation measure of the ith grid from the jth camera 

is defined as:  
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where Ro denotes the maximum observation distance.   

A failure threshold QF and a trigger threshold QT 

are derived to define three disjoint regions: (1) 

invisible area with Fij QQ < , (2) visible area with 

Tij QQ ≥ , and (3) handoff safety margin with 

TijF QQQ <≤ . The derivation of the failure 

threshold QF is straightforward due to the way the 

observation measure is defined.  According to (1), Qij 

varies between zero and one if the i
th grid is within 

the observation distance of the j
th camera.  Qij has 

negative values if the i
th grid is beyond the 

observation distance the j
th camera.  Therefore, QF 

can be simply set to zero.  The trigger threshold QT is 

given by HobjFT tuQQ κ+= where uobj represents the 

average moving speed of the object of interest, tH 

denotes the average duration for a successful handoff, 

and κ  is a conversion scalar. 

Let AC represent the grid coverage with 1, =ijCa  if 

Fij QQ ≥  and 0, =ijCa  otherwise. We also define 

matrix AH with 1, =ijHa  if TijF QQQ <≤  and 

0, =ijHa  otherwise and matrix AV with 1, =ijVa  if 

Tij QQ ≥  and 0, =ijVa  otherwise.  Matrices AH and 

AV represent the handoff safety margin and visible 

area, respectively.  Let xc CC A=' , xc HH A=' , and 

xc VV A=' , where the solution vector x specifies a set 

of chosen camera configurations with the 

corresponding element xj=1 if the configuration is 

chosen and xj=0 otherwise.  The objective function for 

sensor planning is formulated as:  
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where wC, wH, wV, and wco are predefined importance 

weights, icoP ,  denotes the probability of camera 

overload at the i
th grid, and thcoP ,  a predefined 

threshold. The definition of the probability of camera 

overload will be given in Section 3.  The operation 
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first term in the objective function considers 

coverage, the second term produces sufficient 

overlapped handoff safety margins, and the third term 

penalizes excessive overlapped visible areas.  Our 

objective function achieves a balance between 

coverage and sufficient margins for camera handoff.  

The fourth term minimizes the probability of a 

Compute Qij

Compute Pco,i

Compute ci Optimize TC,j

 
 

Figure 1.  Flow chart of the proposed sensor planning 

algorithm.  Qij: the observation measure of the ith grid 

from the j
th camera.  Pco,i: the probability of camera 

overload of the ith grid.  ci: the objective function of 

the ith grid.  TC,j: the parameter of the jth camera.   



  

tracked target being dropped due to camera overload.  

Let the cost associated with the j
th camera 

configuration be jω . Given the maximum cost Cmax, 

the optimal sensor placement can then be obtained by:  

  subject to,max max
i

Cxc
j

jji ≤∑∑ ω . (3) 

 

3. Camera overload 
 

In practice, a single camera can track a limited 

number of targets simultaneously because of the 

limited resolvable distance and computational 

capacity.  The camera may not be able to detect 

and/or track new objects when its maximum 

computational capacity has been reached. This 

scenario is referred to as the problem of camera 

overload. One goal of sensor planning is to 

automatically minimize the number of dropped 

targets due to camera overload, and equivalently, to 

minimize the probability that a camera reaches the 

state of overload.   

For camera overload analysis, we model the multi-

object tracking system as an M/M/N/N queuing 

system.  Following the conventions in queuing theory, 

an M/M/N/N system suggests that: (1) the arrival 

process follows a Poisson distribution; (2) the 

residence time follows an exponential distribution; 

and (3) the number of servers and buffer slots is N.   

Assume that the average arrival rate in the FOV of 

the jth camera is jc,λ  and that the mean camera-

residence time is jc,/1 µ .  Let jobjN ,  be the 

maximum number of targets that can be tracked 

simultaneously by the jth camera.  From the M/M/N/N 

queuing theory, the system can be described by a 

Markov chain as shown in Figure 2.  

Given the probability of the (n-1)th state Pn-1,j, the 

probability of the nth state Pn,j is expressed as: 
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for jobjNn ,1 ≤≤ ,where jop , is a normalization term 

to make the sum of the probabilities of all possible 

states as one:  

1

0 !
1

,

,

,

,

−

=













= ∑ jobj

jc

jc
N

n

n

njop
µ

λ
. (5) 

The probability that the j
th camera reaches its 

maximum computational capacity is the probability 

that the Markov chain reaches the (Nobj,j)
th state: 
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Let the average arrival rate at the i
th grid be ig ,λ  and 

the mean camera-residence time be ig ,/1 µ .  The i
th 

grid can be observed from multiple cameras.  The 

probability of camera overload at the i
th grid Pco,i is 

the probability that all the observing cameras have 

reached the maximum computational load when new 

objects appear at the ith grid: 

∏
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where 1, =jijC xa suggests that the ith grid can be seen 

by the jth camera and that the jth camera is selected.   

The significance of introducing camera overload 

analysis becomes obvious especially for PTZ cameras.  

As mentioned before, camera placement algorithms 

always find it difficult to properly model a PTZ 

camera’s instant and achievable FOVs. The 

discrepancy in modeling a PTZ camera’s instant and 

achievable FOVs is solved elegantly by letting 

1, =jobjN . That is at a given time instance, a single 

PTZ camera is able to track a single object in its 

360°×90° achievable FOV.  The achievable FOV 

remains the same under the assumption that the 

number of object that has been tracked is zero, while 

the limited instant FOV can be described as the 

achievable FOV under the assumption that the 

maximum number of object that can be tracked 

simultaneously has been reached.  Therefore, the 

achievable FOV with 1, =jobjN is sufficient to model 

PTZ cameras’ both instant and achievable FOVs for 

sensor planning.  In so doing, the analysis of PTZ 

cameras is incorporated into a unified framework 

along with the static perspective cameras.  The only 

difference is the assumption regarding the maximum 

number of targets that can be tracked simultaneously.  

The maximum numbers of targets for a static camera 
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Figure 2.  Illustration of the state transition of an    M/M/N/N 

queuing system, which is used to model a multi-object 

tracking system as more objects come into a camera’s FOV.   



  

and a PTZ camera are 1, ≥jobjN  and 1, =jobjN , 

respectively.  Furthermore, the computation of the 

probability of camera overload depends on the 

target’s arrival rate and residence time, which 

describes the target’s dynamic distribution in the 

environment.  The resulting optimal camera 

placement not only depends on the environment’s 

geometry but also adjusts to the target’s dynamics.   
 

4. Experimental results  
 

Experiments are conducted using indoor and 

outdoor floor plans with various scales. Since similar 

observations are achieved, due to limited space, 

experimental results using one typical indoor office 

floor plan with dimensions of 20m×15m are 

presented and compared in this paper with a leading 

algorithm proposed by Erdem and Sclaroff [7]. Two 

criteria are used to evaluate and compare their 

performances: coverage and handoff success rate.  

Handoff success rate, the ratio between the number of 

successful handoffs and the number of requested 

handoffs, is an important performance measure for 

automated surveillance systems. A successful camera 

handoff between adjacent cameras ensures that the 

same target maintains the same identity across 

different cameras’ FOVs.   

To obtain a statistically valid estimation of the 

handoff success rate, simulations are carried out to 

enable a large amount of tests under various 

conditions.  A pedestrian behavior simulator [9, 10] is 

implemented so that we could achieve a close 

resemblance to experiments in real environments and 

in turn an accurate estimation of the handoff success 

rate. Several points of interest are generated randomly 

to form a pedestrian trace.  The handoff success rate 

is obtained from simulation results of 300 randomly 

generated traces. The arrival of the pedestrian follows 

a Poisson distribution.  The average walking speed is 

0.5m per second.  

Since one major advantage of our algorithm is the 

consideration of targets’ statistical distribution, we 

focus on testing and comparing the algorithms’ 

performances in environments with a variety of target 

densities. In theory, given the proper estimation of the 

target density in the environment, the same value 

should be used in sensor planning. However, in our 

experiment, we purposefully use two sets of arrival 

rates. One set of arrival rates is used in sensor 

planning. Three camera placements are generated 

with λ=0.01, 0.025, and 0.05, representing 

environments with low, medium, and high target 

density, respectively. The other set is used in the 

simulation of target behavior. The tested arrival rates 

vary from 0.01 to 0.05, resulting in a maximum 

number of targets in the range from one to six. We 

employ different values of target arrival rates to verify 

that the camera placement with a certain arrival rate 

is able to maintain the handoff success rate for 

environments with an arrival rate up to that value 

used in sensor planning.  

Figure 3 illustrates and compares our 

experimental results.  Figures 3(b)-(d) show the 

camera placement obtained from our method with 

different target densities.  Note that the optimization 

of the camera’s parameters is not restricted to 2D.  

The optimized position of a PTZ camera includes 

both TX/TY and TZ (height).  For clear presentation, 

Figures 3(b)-(d) illustrate the FOVs of the cameras at 

the optimal positions that are projected onto the 2D 

ground plane.  A larger arrival rate/target density 

setting leads to a camera placement with more 

overlapped FOVs between adjacent cameras so that 

the tracked target has more freedom to be transferred 

to another camera when experiencing dynamic 

occlusion and/or camera overload.  

The advantage of our method over the reference 

method becomes conspicuous when we look into the 

handoff success rate with respect to the maximum 

number of targets in the environment, as shown in 

Figure 3(e).  When the maximum number of targets is 

one, our method elevates the handoff success rate 

from 48.7% to 100% and maintains a similar 

coverage.  As the maximum number of targets in the 

environment increases from one to six, the handoff 

success rate of the reference method drops gradually 

from 48.7% to 10.2%.  On the contrary, the handoff 

success rate of our method is maintained within 90% 

for camera placement with λ=0.025 (λ=0.05) till the 

maximum number of targets reaches four (six).  As 

expected, with different density parameters used in 

(6) and (7), the resulting camera placement yields 

different capacity in handling clustered environments. 

In our experiments, λ=0.025 and λ=0.05 corresponds 

to an environment with a maximum number of 

targets of approximately four and six, respectively.  

The resulting sensor placement can maintain the 

handoff success rate till the maximum number of 

targets reaches four and six, respectively.  Therefore, 

the proposed algorithm is able to achieve and 

maintain a significantly higher handoff success rate 

according to the targets’ density in the environment.   
 



  

5. Conclusions 
 

A sensor planning algorithm designed for PTZ 

cameras that is able to achieve the optimal balance 

between coverage and handoff success rate was 

proposed.  The probability of camera overload was 

derived and employed to solve the discrepancy 

between a PTZ camera’s instant and achievable 

FOVs.  The proposed sensor planning algorithm not 

only considers the PTZ camera’s dynamics from 

panning and tilting but also incorporates the target’s 

dynamics. Experimental results demonstrated a 

significantly improved handoff success rate in 

comparison with the reference algorithm described by 

Erdem and Sclaroff in environments with various 

target dynamics. 
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Figure 3.  Sensor planning results for PTZ cameras 

considering various target densities. The optimal camera 

positioning using PTZ cameras: (a) the reference method 

(coverage: 100.0%), (b) our method with λ=0.01 (coverage: 

99.5%), (c) our method with λ =0.025 (coverage: 100.0%), 

and (d) our method with λ =0.05 (coverage: 100.0%).  (e) 

System performance comparison based on handoff success 

rate with various target densities.  The target density is 

described by the maximum number of targets to be tracked 

simultaneously in the environment. 


