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Abstract—In sensor network-based detection/surveillance, one
of the first challenges to address is the optimal deployment of sensors such that detection requirements are satisfied in a given area.
Specifically, we pose the following question: Given a finite number
of sensors, what is the best way to deploy these sensors in order to
minimize the squared difference between achieved and required
detection/miss probabilities? In this paper, we develop a novel optimal control theory based formulation of this sensor deployment
problem. Exploiting similarities between the problem at hand and
the linear quadratic regulator, an analytical solution is derived
and tested. Unlike prior efforts that rely purely on heuristics, the
proposed optimal control framework provides a theoretical basis
for the resulting solution. As the complexity of the optimal control
based solution is high, we develop a low-complexity approximation
called Max_Deficiency algorithm. Using simulation results, we
show that the proposed algorithms outperform existing methods
by using 10% to 30% fewer number of sensors to satisfy detection
requirements.
Index Terms—Detection systems, linear quadratic regulator,
optimal control, sensor deployment.

I. I NTRODUCTION

S

ENSOR networks have emerged as a viable solution for
many detection and surveillance applications [1]–[3]. The
idea is to distribute sensors in an area of interest and have these
sensors detect targets or phenomena of interest with high accuracy. Remedial actions can be taken once a target/phenomena
has been detected. The detection performance of such sensor
networks strongly depends on many factors such as the number of sensors available, the environment where sensors are
deployed, and the sensor deployment strategy.
The strategy for deploying sensors becomes even more critical in applications where the detection requirements are not
uniform. For example, within a given area there may be highly
sensitive subregions where one might demand a higher probability of detection relative to other subregions. In this case, the
question that needs to be addressed is the following. Given a finite number of sensors, what is the optimal deployment strategy
that will make use of the available sensors in the most effective
manner? In other words, what are the optimal locations to place
the available sensors such that the difference between achieved
Manuscript received August 10, 2008; revised August 21, 2009; accepted
February 1, 2010. Date of publication July 8, 2010; date of current version
November 10, 2010. This work was supported in part through the award
of a contract from the Marine Corps Systems Command (MCSC) to M2
Technologies Inc. This paper was recommended by Editor W. Pedrycz.
The authors are with the WiCom Group, Electrical and Computer Engineering Department, Kansas State University, Manhattan, KS 66506 USA (e-mail:
ababnah@ksu.edu; bala@ksu.edu).
Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.
Digital Object Identifier 10.1109/TSMCA.2010.2049992

and required detection (or equivalently miss) probabilities is
minimized? Throughout this paper, any reference to optimality
is with respect to the squared difference (i.e., squared error)
between achieved and required detection/miss probabilities.
The sensor deployment problem can be formulated and studied in different ways depending on the application for which
the sensor network is used. In [4]–[6], for instance, sensor
deployment is studied in the context of distribution networks
(e.g., water, air, etc.). In [4], two sensor deployment problems
are investigated. In the first problem, the goal is to deploy a
fixed number of sensors in order to minimize a contaminant’s
detection time. This problem is shown to be equivalent to the
asymmetric k-center problem [7]. In the second problem, the
authors attempt to minimize the number of sensors needed
to detect a contaminant within a given time limit. This was
shown to be equivalent to the dominating set problem. However, [4] assumes that sensors detection model is deterministic
(i.e., sensors always detect contaminants perfectly regardless
of their concentration), which may not be realistic in general.
Furthermore, sensors are assumed to be point sensors (i.e., with
no effective area of coverage). Adopting the same assumptions
(i.e., deterministic point sensors), [5] considers the problem of
deploying a fixed number of sensors in order to minimize a
contaminant’s net effect. The deployment problem is modeled
as a mixed integer linear programming (MILP) problem. The
work of [5] was extended in [6], in which the contaminant’s
effect on all locations of interest was incorporated in the optimization problem. However, solving an MILP problem can be
computationally expensive, especially for large problems. The
primary focus of other prior efforts [8]–[11] was on estimating
the minimum number of sensors required to satisfy certain
detection requirements. In [8] and [9], the authors assume a
binary sensing model for the sensors. As a result, the sensor
deployment problem reduces to a coverage problem. The binary
sensing model assumption limits the impact of this work as
the sensing model does not accurately reflect realistic sensing
characteristics. An exponential sensing model proposed has
been accepted as a more realistic model for sensors. In [10],
the authors assume an exponential sensing model and they
also introduce the Minn_Miss algorithm, which is a heuristic
algorithm that is used to deploy sensors in an area with uniform
detection requirements. In [11], the deployment problem is
represented by a linear shift-invariant (LSI) system. The sensor
deployment is then described as an integer programming (IP)
problem that is in general NP hard. Due to the complexity of
an optimal solution for the IP problem, a heuristic algorithm,
called Diff_Deploy, is introduced. It is shown that Diff_Deploy
uses a fewer number of sensors than the Minn_Miss to satisfy
the same detection requirements. However, since Diff_Deploy
is a heuristic algorithm, it is difficult to guarantee optimality.
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Therefore, there is a strong need to bring theoretical rigor to
the analysis of the sensor deployment problem. We attempt to
address this need through the use of the optimal control theory.
In this paper, we propose a novel optimal control-based sensor deployment algorithm. Here, we consider K sensors each
with an exponentially decaying sensing model. Given these K
sensors, we illustrate that the deployment of a single sensor at a
time can be regarded as one step in a linear quadratic regulator
(LQR) [12]. The control vectors at each discrete step in the
evolution of the system corresponds to the position of the sensor
to be deployed. The optimal solution (control vector) is then derived as the vector satisfying the Karush–Kuhn–Tucker (KKT)
conditions. This solution is determined using the sweep method
[13] that is commonly used to solve LQR problems. Using
simulation results, we illustrate that the optimal control-based
deployment strategy uses a smaller number of sensors to satisfy detection requirements relative to Diff_Deploy algorithm.
Additionally, unlike Diff_Deploy and other prior efforts based
purely on heuristics, the optimal control theory framework
provides a theoretical foundation to sensor deployment. Finally,
we also propose a low-complexity alternative to the optimal
control-based algorithm called the Max_Deficiency algorithm.
Here, the difference between the required and achieved detection probability is computed after deploying a single sensor.
Then, a sensor is placed at the location that corresponds to the
highest difference (deficiency). Using simulations, we illustrate
that the low-complexity algorithm is comparable to the optimal
control-based strategy in terms of detection performance and
both these proposed approaches employ 10% to 30% fewer
number of sensors relative to Diff_Deploy.
The rest of the paper is organized as follows: In Section II,
the system model and the problem definition are presented. In
Section III, the deployment problem is formulated as an LQR
problem and a dynamic optimization-based solution of LQR is
discussed. We present the optimal control-based deployment
algorithm in Section IV. In Section V, the Max_Deficiency
algorithm is introduced. Simulation results in Section VI show
the performance of the proposed methods relative to the
Diff_Deploy algorithm. Finally, conclusions are outlined in
Section VII.
II. S YSTEM M ODEL
The system under consideration consists of an area of interest
where region-wise detection requirements are provided by the
end user. We model the area of interest as a grid G of Nx × Ny
points. The detection/miss requirements at every point on the
req
grid are ordered in two Nx Ny × 1 vector preq
d /pm . Additionally, the sensing model and the number of sensors available
serve as inputs to our sensor deployment algorithm. Given these
inputs, the objective of this work is to determine the optimal
sensor placement that would minimize the square difference
between achieved and required detection/miss probabilities.
It is important to note that we assume a simple detection
model in which a target is declared to be detected if at least
a single sensor in the network is able to detect it. Results from
this simple framework can be extended to other schemes like
distributed detection. We first examine the sensing model and
later describe the relationship between the sensors’ detection

model, their positions, and the resulting detection performance
of the network.
There are two common sensing models found in literature:
the binary detection model and the exponential detection model.
Both models share the assumption that the detection capability
of a sensor depends on the distance between the sensor and
the phenomena (target) to be detected. In the binary detection
model, the probability of detection pd (t, s) is given as [14], [15]

1 if d(t, s) ≤ rd
(1)
pd (t, s) =
0 if d(t, s) > rd
where rd is the detection radius and d(t, s) is the distance
between the target’s position “t” and the sensor location “s”
on a plane. If the distance between the sensor and target is
greater than rd , then the target is not detectable by that sensor.
However, if the target is within the detection radius, it will
be always detected. This is a simple model, but it is not
very realistic. The exponential model is a more realistic model
to adopt where the probability of detection [16], [17] corresponds to

pd (t, s) =

e−αd(t,s)
0

if d(t, s) ≤ rd
if d(t, s) > rd

(2)

where α is a decay parameter that is related to the quality of
a sensor or the surrounding environment. In the exponential
model of (2), even if a target is within the detection radius,
there is a probability that it will not be detected (i.e., it will be
missed). A wide range of practical sensors [18] (e.g., infrared,
ultrasound) fit this general model. Therefore, we assume an
exponential sensing model throughout the rest of this paper. It
is important to note that the choice of the detection model does
not affect the basic formulation of the algorithms proposed in
Sections III and IV.
Following the LSI model as in [11], the process of linking individual sensors’ detection characteristic to the overall
probability of detection requirements on the grid is mathematically quantified using miss probabilities pmiss (pmiss = 1 −
pd , where pd is the probability of detection). The probability
of a target being detected by any sensor on the grid is the
complement of the target being missed by all the sensors on
the grid. The overall miss probability M (x, y) corresponds to
the probability that a target at point (x, y) will be missed by all
sensors, i.e.,
M (x, y) =



pmiss ((x, y), (i, j))u(i,j) .

(3)

(i,j)∈G

Here, u(i, j) represents the presence or absence of a sensor at
the location (i, j) on the grid, and corresponds to

u(i, j) =

1,
0,

if there is a sensor at (i, j)
if there is no sensor at (i, j).

(4)

Taking the natural logarithm of both sides in (3) results in

m(x, y) =
u(i, j) ln pmiss ((x, y), (i, j))
(5)
(i,j)∈G
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where m(x, y) is called the overall logarithmic miss probability
at point (x, y) [11]. Let us define the function b(x, y) as follows:

ln pmiss ((x, y), (0, 0)) , d ((x, y), (0, 0)) ≤ rd
b(x, y) =
0,
d ((x, y), (0, 0)) > rd .
(6)
The overall logarithmic miss probabilities for all points on the
grid can be arranged in a vector m = [m(x, y), ∀(x, y) ∈ G]T
of dimension Nx Ny × 1 that corresponds to
m = Bu.

(7)

Here, u = [u(i, j), ∀(i, j) ∈ G]T is the deployment vector of
dimension Nx Ny × 1. The ((i − 1)Ny + j)-th element of u
indicates the number of sensors deployed at point (i, j) on the
grid. The matrix B is of dimension Nx Ny × Nx Ny , and it contains {b(x − i, y − j), ∀(x, y) ∈ G, (i, j) ∈ G}. b(x − i, y − j)
corresponds to the (r, c)-th entry of B, where r = (x − 1)Ny +
y and c = (i − 1)Ny + j. Essentially, b(x − i, y − j) quantifies the effect of placing a sensor at point (i, j) on the logarithmic miss probability at point (x, y) on the grid. The logarithmic
miss probabilities can be easily converted to detection probabilities at a later stage.
The question we attempt to address in this paper is the
following: Given a number of sensors, where can the sensors
be placed to minimize the squared error between achieved and
required detection/miss probabilities? Once again, the squared
error (SE) between required and achieved detection probabilities at all points in the grid can be mapped to the SE between
required and achieved miss probabilities. However, one should
note that after the sensors have been deployed, the achieved
detection probability at some of the grid points will meet/
exceed the detection requirements at these points. Therefore,
we emphasize on minimizing the squared error at the points for
which detection/miss requirements are not met.
Let mreq be the required miss probability vector and let mk
be the achieved miss probability vector resulting from deploying k sensors to the grid. Our sensor deployment problem can
be mathematically formulated as follows:

(mK (j) − mreq (j))2
arg min
u

j:pK
(j)<preq
(j)
d
d

subject to {1T u = K

III. O PTIMAL C ONTROL F ORMULATION
The problem of minimizing the square error between
achieved and required detection probabilities can be viewed
as minimizing the square difference between achieved and
required miss or overall logarithmic probabilities. Define xk
to be the difference between the required log miss probability
vector (mreq ) and the log miss probability vector achieved after
deploying k sensors (mk ), i.e., xk = mk − mreq . The system
described in (7) can be written in terms of the dynamic model
xk+1 = xk + Buk

where uk is the deployment vector at the kth step. In typical
control problems, the index k indicates the time index describing time evolution of the system. In our case, we assume the
sequential placing of sensors (i.e., sensors are placed one at a
time) with k representing the kth step in this process.
In terms of the dynamic state vector xk , we can define a
weighted SE cost function J as
J=

K−1

1 T
1  T
xk Qxk + uTk Ruk .
xK Qf xK +
2
2

(9)

(10)

k=0

Here, uk is the deployment vector for the kth sensor. Q, Qf
and R are positive-definite diagonal weighting matrices with
dimension Nx Ny × Nx Ny that are chosen by the designer. In
our problem, a good choice of Q, Qf , and R is one that reflects
the detection requirements on the grid. That is, if the detection
requirement at a certain point is relatively large compared to
other points, then the entries in the matrices Q, Qf , and R
that correspond to that point should be in such a way that the
resulting solution will be biased toward satisfying that point
before other points. One choice that fits well with the above reasoning is the following: R(i) = (mreq (i)/1T mreq )−1 , where
R(i) is the ith diagonal element of R and mreq (i) is the
overall logarithmic miss requirement at point i on the grid.
The ith diagonal elements of Q and Qf are given as Q(i) =
Qf (i) = (R(i))−1 , where (·)−1 denotes the inverse operation.
The goal of the control problem is to determine the sequence of
control vectors {uk , k = 0, 1, . . . , K − 1} that would minimize
the cost function J. The squared error cost function penalizes both positive and negative deviations from the required
detection probability profile. To avoid incurring a penalty for
satisfying/exceeding detection requirements, the error terms
corresponding to a satisfied point is set to zero in J. Therefore,
after each sensor deployment, the cost function to be minimized
is the squared error evaluated at the points where detection/miss
requirements are not satisfied. We refer to this squared error
cost function as the effective SE. Therefore, the effective SE
corresponds to


eSE(k) =

xk (j)2

(11)

j:pk
(j)<preq
(j)
d
d

(8)

where pK
d (j) is the detection probability at the jth grid point
after K sensors have been deployed to the grid. 1T indicates
the transpose of an Nx Ny × 1 vector, with all entries set to 1.
K is the total number of available sensors.
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where pkd (j) is the achieved detection probability at the jth
grid point after k sensors have been deployed in the grid. The
formulation of the problem discussed above is known as a
linear-quadratic regulator problem in control theory literature
[12], [19]. Therefore, we can employ the dynamic optimization
techniques used for solving LQR problems to solve the sensor
deployment problem as described in the next subsection.

A. Dynamic Optimization
The objective of dynamic optimization [20] in general is
to find a series of control vectors that would minimize a cost
function that is related to the system under consideration.
Suppose that a discrete system model is given as
xk+1 = f (xk , uk ),

k = 0, 1, . . . , K − 1

(12)
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with an initial condition x0 = xinitial . Furthermore, suppose
that it is desired to minimize a cost function related to the
system as
J = L(xK ) +

K−1


Vk (xk , uk ).

(13)

k=1

The minimization can be carried out by solving for the value
of uk at every instant k. A common and easy way to solve the
equations is to use Lagrange multipliers and apply the discrete
KKT conditions [12], [13], [20]. The optimal solution satisfies
the following conditions:
xk+1 = f (xk , uk )

(14)

x0 = xinitial

(15)

λk = ∇xk f (xk , uk )T λk+1 + ∇xk Vk

(16)

λK = ∇xK L

(17)

0 = ∇uk Vk + λTk+1 ∇uk f (xk , uk ).

(18)

We can now use the conditions (14)–(18) to solve our LQR
problem. Our system model is given as
xk+1 = xk + Buk .

(19)

Our objective is to find the (optimal) control vector sequence
{uk , k = 0, 1, . . . , K − 1} that would minimize the cost function J, where J is given as
J=

K−1

1 T
1  T
xk Qxk + uTk Ruk .
xK Qf xK +
2
2

(20)

k=0

Applying the discrete KKT conditions (14)–(18) on the above
system model will result in the following optimality conditions:
x0 = xinitial

(21)

xk+1 = xk + Buk

(22)

λk = λk+1 + Qxk

(23)

λK = Qf xK

(24)

uk = − R−1 BT λk+1 .

(25)

The optimal uk in the above equations can be found using a
method known as the sweep method [13] and [21]. In the sweep
method, the Lagrange multiplier of step k is calculated as
λk = Pk xk

(26)



T
Pk = Pk+1 − Pk+1 BS−1
k B Pk+1 + Q

(27)

Sk = R + BT Pk+1 B.

(28)

where

Let
T
Gk = S−1
k B Pk+1 .

(29)

We can solve for uk in terms of Gk and xk as
uk = −Gk xk .

(30)

The calculation of Sk , Gk , and Pk is performed in reverse order
starting from k = K − 1 to k = 0. The final conditions that are
used in the initial step of the sweep method are PK = Qf ,
GK = 0, and SK = 0. Note that matrices Pk , Sk , and Gk are
all of dimension Nx Ny × Nx Ny .
The steps of the sweep method are summarized in
Algorithm 1 [20].
Algorithm 1 Sweep method
1: Initialization PK = Qf , GK = 0, and SK = 0.
2: for k = K − 1, K − 2, . . . , 0 do
3:
Calculate Sk from (28).
4:
Calculate Gk from (29).
5:
Store Gk .
6:
Calculate Pk from (27).
7: end for
8: for k = 0, 1, . . . , K − 1 do
9:
Calculate uk from (30)
10: end for
An application of the discrete KKT conditions, along with
the sweep method, to the sensor deployment problem results
in the optimal solution to the sensor deployment problem.
Although the proposed approach offers the optimal solution,
it also adds significant computational complexity that grows
with K. The complexity is due to the need to evaluate matrices
Sk , Gk , and Pk for k = K − 1, . . . , 0 as well as the necessity
to store all instances of matrix G. There is another important
point to note: The resulting optimal solution vector uk usually
consists of Nx Ny real continuous values and not binary values.
In order to have a binary integer solution, a new vector uok
is constructed by placing a 1 at the index where uk has its
maximum value and placing a 0 in place of the remaining
entries. Intuitively, this implies the following: We can interpret
the real values in the optimal control vector uk obtained from
the sweep method to indicate the desirability of placing a
sensor in a particular position on the grid. Therefore, when we
sequentially place sensors, the index of uk corresponding to the
maximum value is the location on the grid where placing the
next sensor will have its maximum impact on the cost function
J. This observation can be further exploited to develop a lowcomplexity alternate to the optimal algorithm, which we will
discuss next.
Though the proposed algorithm is initially designed for
minimizing the effective SE between achieved and required
detection/miss probabilities, it can be modified in order to find
the number of sensors needed to satisfy the required detection/
miss profile. This is done by initially setting K to a large
value (≤ Nx Ny ) in the algorithm for sequential deployment.
After each sensor deployment, the resulting detection/miss
probability profile is compared against the required profile. The
algorithm terminates when the detection/miss requirement is
met at each point. The number of sensors deployed at that
stage provides an estimate of the minimum number of sensors
required to satisfy detection/miss requirements.
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IV. O PTIMAL C ONTROL -BASED
D EPLOYMENT A LGORITHM
In this section, we introduce the deployment algorithm,
which is based on the LQR formulation of the sensor deployment problem. Algorithm 2 illustrates the steps of the optimal
control-based sensor deployment algorithm.
Given the total number of sensors, K, and the B matrix,
the algorithm evaluates the feedback gain matrix (i.e., Gk , k =
K − 1 : −1 : 0) using the sweep method discussed earlier. Sensors are deployed sequentially until all available sensors have
been deployed or when detection requirements at all points on
the grid have been satisfied (i.e., effective SE equals 0). In the
kth iteration, the set of points for which the detection/miss
requirements are satisfied is determined and the entries in
the vector xk−1 corresponding to these points are set to 0.
Afterward, the kth deployment vector is calculated as in (30).
However, since the deployment vector can only have {0, 1}
entries, the entry in the deployment vector u corresponding to
the largest entry (with index jmax ) in the kth deployment vector
(i.e., uk ) is set to 1. After updating the deployment vector, the
resulting overall logarithmic miss can be calculated as in (7). It
is also possible to calculate the achieved detection probability
vector as pkd = 1 − exp(mk ), where exp(mk ) indicates the
exponential of each entry of mk .
Algorithm 2 Optimal Control Based Algorithm
1: Input: preq
(detection requirement), K (number of
d
available sensors), and B
2: Outputs: u (deployment vector).
3: for k = K − 1 : −1 : 0 do
4:
Evaluate Gk as in Algorithm 1.
5: end for
6: Initialization: k = 0, u = 0
k
7: while k ≤ K or preq
d  pd (i.e., eSE = 0) do
8:
Find set of grid points with unsatisfied detection
requirements {i : pkd (i) ≥ preq
d (i)}.
9:
Set xk−1 (i) = 0 (i.e., Only an error at unsatisfied
points is considered).
10:
Calculate the control vector uk = −Gk xk .
11:
Find index jmax , where jmax = maxindex (uk ).
(The function maxindex (uk ) returns the index of the
largest entry in vector uk .)
12:
Update the deployment vector (i.e., u(jmax ) = 1).
13:
Calculate mk = Bu.
14:
Evaluate achieved detection profile pkd = 1 −
exp(mk ).
15:
Calculate xk .
16:
Increment number of sensors in the grid: k = k + 1
17: end while

V. M AX _D EFICIENCY D EPLOYMENT A LGORITHM
Due to the computational cost associated with the optimal
control solution presented earlier, it is advantageous to develop
a low-complexity algorithm that is relatively simple to implement. In this section, we introduce a new algorithm, which we
call the Max_Deficiency algorithm.

101

We assume that given K sensors, we will be deploying
them sequentially, until all sensors have been deployed or the
detection requirements have been met at all the grid points. In
the kth iteration, the Max_Deficiency algorithm calculates the
difference pδ between the required preq
d and achieved detection
probabilities pk−1
and
then
deploys
the
kth sensor to the point
d
jmax on the grid where pδ is maximum. The deployment vector
u is updated by placing a 1 instead of 0 at its jmax entry.
Employing (7), we calculate the resulting logarithmic miss
probability mk . The resulting detection probability vector pkd
is calculated as pkd = 1 − exp(mk ). In other words, at each
step in the deployment algorithm, we identify the point on the
grid that is most deficient in terms of meeting the detection
requirements and we place a sensor in that position, calculate
its effect, and then repeat the process. Identifying the point
with the maximum deficiency is similar to identifying the
location on the grid that will have the maximum impact on the
cost function J.
The Max_Deficiency algorithm is illustrated in Algorithm 3.
Algorithm 3 Max_Deficiency Algorithm
1: Inputs: preq
d ,K
2: Outputs: u (i.e., deployment vector)
3: Initialization: p0d = 0, pδ = preq
d , and k = 0
4: while k ≤ K or pδ 0 do
k
5:
Calculate pδ = preq
d − pd .
6:
Find index jmax , where jmax = maxindex (pδ ). (The
function maxindex (pδ ) returns the index of the largest
entry in vector pδ .)
7:
Place a sensor at position jmax (u(jmax ) = 1).
8:
Calculate mk = Bu.
9:
Evaluate achieved detection profile pd,k = 1 −
exp(mk ).
10: Increment number of sensors in the grid: k = k + 1
11: end while

VI. S IMULATION R ESULTS
In this section, the performance of both the optimal controlbased and the Max_Deficiency algorithm is compared to that of
the Diff_Deploy algorithm [11].
In the first experiment, we compare the number of sensors
needed by the three algorithms to meet the detection requirements as we vary the decay parameter α. The area of interest
is modeled as a grid of 25 × 25 points. The area consists
of three subregions, each with its own detection requirement
as is shown in Fig. 1. We assume that all sensors employ
a detection radius of rd = 5. Table I presents the number
of sensors needed by the three algorithms as α varies. The
stopping criteria in both the Diff_Deploy and Max_Deficiency
algorithm is meeting the detection/miss requirements at all
grid points. The optimal control-based algorithm employs the
same criteria, but in terms of the effective SE (i.e., deployment
terminates when the effective SE equals 0). As expected, the
optimal control-based algorithm outperforms the Diff_Deploy
and the Max_Deficiency in terms of the number of sensors
needed to satisfy the detection requirements. This is because the
cost function used in the design of the optimal control algorithm
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Fig. 2.

Fig. 1. Required detection probability profile.
TABLE I
NUMBER OF SENSOR NEEDED BY EACH ALGORITHM FOR DIFFERENT α’S

is the effective SE while there is no clear cost function in the
heuristic Diff_Deploy. On the other hand, the effective cost
function in the Max_Deficiency algorithm is the error at a
single point only, with no regard to the errors at other grid
points. In the optimal control deployment algorithm, using the
matrix B along with the sweep method implies that information
regarding the effect of each sensor placement on the entire grid
is incorporated in the deployment process. This is in contrast
to the Max_Deficiency algorithm, which makes its deployment
decision based solely on the effect of a sensor at its deployment
location. Additionally, as α increases, the detection sensitivity
of a single sensor decreases. Therefore, the number of sensors
needed to satisfy the detection requirements increases as α
increases. This is confirmed in our results, which are presented
in Table I.
In order to further compare the performance of the three
algorithms, we present the evolution of effective SE between
achieved and required detection probability profiles as sensors
get deployed in the grid (see Fig. 2). We specifically examine
the SE for the points that are yet to be satisfied in terms of the
detection/miss requirements, which we call the effective SE.
Fig. 2 considers the case of α = 0.15 listed in Table I. It is obvious that the effective SE of the optimal control-based algorithm
converges faster than that of the Diff_Deploy algorithm and
the Max_Deficiency algorithm. The results indicate that we can
satisfy the detection/miss requirements with a fewer number of
sensors if we employ the proposed optimal control-based algorithm. Fig. 3 shows the achieved detection probability profile
resulting from deploying sensors based on the three algorithms.
From Fig. 3(c), it is evident that the proposed approach does

Effective SE convergence.

not overbudget for satisfying the detection requirements in each
subregion. For example, in the outer region of the grid, where
the detection requirement is set to 0.7, we note that the achieved
detection probability in that subregion is around 0.7. This is
in contrast to the Diff_Deploy algorithm, where the minimum
achieved detection probability is close to 0.86.
In the second experiment, the performance of the
Diff_Deploy is compared to that of the Max_Deficiency algorithm. The grid size is 50 × 50. The detection requirements
profile is shown in Fig. 4. The numerical values of p1, p2,
and p3 along with the number of sensors needed to satisfy
the detection requirements are listed in Table II. As evident
from Table II, the Max_Deficiency algorithm always uses a
smaller number of sensors than the Diff_Deploy algorithm. The
reduction in the number of sensors depends on the required
detection profile, and in our simulations, it ranges from about
10% to 30%.
In the third experiment, the performance of the Max_
Deficiency algorithm versus that of the Diff_Deploy algorithm
is examined in the presence of obstacles. The obstacle positions
as well as the required detection probabilities are shown in
Fig. 5. When an obstacle is present between a sensor and a
point on the grid that lies within the detection radius of the
sensor, the sensor would not be capable of detecting a target
at that point (i.e., pmiss = 1). The effect of an obstacle being
present between a sensor placed at point (i, j) and a point on
the grid (x, y) is captured by modifying the entries of the B.
The modification is performed by setting to zero the value of
b(x − i, y − j) since b(x − i, y − j) corresponds to the logarithmic miss probability (i.e., ln(1) = 0). Simulation results
show that the Diff_Deploy algorithm requires 97 sensors to
satisfy the requirements whereas the Max_Deficiency algorithm requires 78 sensors only. This corresponds to a savings
of approximately 20% in the number of sensors used by the
Max_Deficiency algorithm in comparison to the Diff_Deploy
algorithm.
VII. C ONCLUSION
In this paper, we study the sensor deployment problem.
Specifically, given a finite number of sensors, we attempt to
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Fig. 4. Required detection probability profile.
TABLE II
SECOND EXPERIMENT RESULTS

Fig. 3. Achieved detection probability profile. (a) Diff_Deploy. (b) Max_
Deficiency. (c) Optimal control based.
Fig. 5. Required detection probability with obstacles.

determine the locations that the sensors need to be deployed at
in order to satisfy the detection requirements in a squared error
sense. We express the deployment problem as a dynamical system and formulate the sensor deployment problem as an optimal
control problem (linear quadratic regulator). However, the optimal control-based approach is computationally demanding due
to the use of the sweep method. Therefore, we introduce a low-

complexity alternative called the Max_Deficiency algorithm,
which offers comparable performance relative to the optimal
control-based approach. Using simulation results, we show that
the proposed algorithms outperform existing methods by using
10% to 30% fewer number of sensors to satisfy the detection
requirements.
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