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Recent advances in micro-electromechanical
systems, wireless communication technologies, and
digital electronics are responsible for the emergence of
wireless sensor networks (WSNs) that deploy a large
number of low-cost sensor nodes integrating sensing,
processing, and communication capabilities. Sensor
networks have been employed in a wide variety
of applications, ranging from military surveillance
to civilian and environmental monitoring [1]. A
fundamental problem addressed by these applications
is target tracking in the field of interest. The sensors
sense and measure signals that provide information
about the events of interest and send them to the
fusion center through wireless channels. The fusion
center combines the received information to estimate
the target state. However, the WSNs employ low-cost
densely deployed sensors that have very limited
resources, such as energy and communication
bandwidth. They also have limited sensing and
communication ranges. The wireless communication
channels between sensors and the fusion center are
not ideal in that the transmitted information has to
endure both channel fading and noise impairments.
Therefore, issues that are related to these limitations
and specific to the application have to be resolved.
Recently, some new issues related to tracking
in WSNs have been studied, such as structure of
networks, routing and clustering protocols, and
collaborative signal processing [2, 3]. For estimation
in WSNs the conventional way is to consider
communication and estimation as two separate parts.
In [4]—[7] the original analog measurements of
sensors were used by the fusion center to localize
or track the target. However, this scheme is not
practical for many WSNs since communication
within the network has to be kept limited to conserve
available resources, such as energy and bandwidth.
Actually, two viewpoints exist in the literature on
this subject. One approach is to reduce the number
of messages within the network. Censoring-based
distributed detection [36], distributed estimation [44],
and distributed tracking [45] schemes have been
proposed where the sensors are assumed to censor
their observations so that each sensor sends only
informative observations to the fusion center and
leaves those deemed uninformative untransmitted.
Another approach is to reduce the number of delivered
bits [37—41]. In order to limit the number of bits for
communication within the WSNs, data from local
sensors are quantized before being delivered to the
fusion center.
In this paper we follow the second approach where
target tracking is based on quantized measurements.
In [37] the communication approach is taken to one
extreme by employing just one single delivered bit. In
[38]—[41] a binary proximity sensor model where each
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sensor’s value is converted to 1 bit of information
was presented and tracking methods employing such
binary sensors were developed. Based on quantized
data particle filtering (PF) algorithms have been
proposed to track the target in [8]—[10]. In [11], [12]
target localization methods based on quantized sensor
data were developed. However, perfect communication
channels between sensors and the fusion center
were assumed in these methods which did not
consider wireless channel imperfections. For nonideal
communication channels the issues of communication
constraints in the context of channel-aware distributed
detection have been investigated in [13]—[18].
In [19], [20] the channel-aware approaches for
localization and tracking were introduced, respectively,
which consider the imperfect nature of the wireless
communication channels along with some physical
layer design parameters. The channel-aware approach
with one-hop communication between the sensors
and the fusion center, while theoretically important
and analytically tractable, may not reflect the way
a real WSN operates. In most WSN applications
resource constraints, especially the energy constraint
in applications involving in-situ unattended sensors
operating on irreplaceable power supplies, often
limit the transmission range for each sensor node.
This is because the required transmission energy is
proportional to the distance between the transmitter
and the receiver raised to a certain power. Hence, in
order to reach the fusion center, the measurement at a
local sensing node may need to go through multiple
hops for minimal energy consumption.
In [17], [18] channel-aware decision fusion
rules in multi-hop WSNs were presented for binary
decisions transmitted over multi-hop wireless channels
undergoing channel fading and noise in the context
of target detection. In [21] a distributed Kalman
filter for target tracking via networked sensors with
communication delays was presented where the
sensors communicate with each other by means of
a multi-hop protocol. Note that the channel-aware
multi-hop tracking framework proposed in our paper
is different from the multi-hop protocols presented
in [21]. First, in [21] the nonideal channel was
represented by delays and packet losses, while in our
work, the fading and noisy channels are considered
and addressed explicitly. Second, in our proposed
framework, quantized data transmission is assumed,
in contrast to the analog data communication assumed
in [21]. Third, the Kalman filter or extended Kalman
filter has been used in [21], while our proposed
algorithm is based on the particle filter, which can
deal with any nonlinearities in measurements and in
target dynamics. It is well known that the distributed
tracking schemes have some advantages, such as
scalability and robustness [21, 42, 43]. However,
distributed implementation in [21], which is based
on gossip and in-network processing, requires
2354

substantial computational power, memory, and
communication overhead for each sensor. Moreover,
it often needs a very long time for all the sensors
to achieve consensus. On the other hand, in a
resource-constrained sensor network, by efficient
sensor selection and management, optimal tracking
accuracies and minimal total power consumption
can be achieved for fusion center-based architecture
[30—33]. Therefore, a centralized sensor network
structure has been adopted in this paper.
The objective of this work is to extend
channel-aware target tracking to more realistic WSN
models that involve multi-hop transmissions. We
also generalize the approach to consider multi-bit
quantization data. The sensors process their raw
observations and quantize them to get M-bit data
which are then transmitted to the fusion center
through noisy and fading wireless channels. We show
that the proposed algorithms can significantly mitigate
the degradation in the tracking performance resulting
from the fading wireless channels, meanwhile they
are energy and bandwidth efficient due to the use of
multi-hop communication and quantization schemes.
With the recent advances in computation power,
application of Monte Carlo based statistical signal
processing, i.e., PF, for sequential estimation of
unknown states of a nonlinear dynamical system
has become quite popular and practical. One of the
advantages of PF is that it enables us to incorporate
any statistical information we have about the specific
system. In our previous work [22] we proposed an
efficient tracking algorithm based on PF for multi-hop
target tracking in WSNs, incorporating the imperfect
nature of communication channels. Based on the
methods developed in [22], in this paper, we derive
the posterior Cramér-Rao lower bound (PCRLB)
of the state estimates and an efficient computation
procedure by Monte Carlo approximation. Further,
the proposed PCRLB is used as a criterion for sensor
selection for target tracking in WSNs in order to
meet the physical constraints, such as energy and
communication bandwidth.
The organization of this paper is as follows.
In the next section we formulate the problem of
target tracking using quantized data in a WSN. In
Section III we provide the model for the multi-hop
wireless transmission channel and the computation
of the observation likelihood for a multi-hop WSN
in two cases. In the first case we assume that the
fusion center has knowledge of the instantaneous
fading channel gains, followed by the case where
only the fading channel statistics are known. We
introduce our channel-aware approach and derive
two different channel-aware multi-hop PF algorithms
in Section IV. In Section V we derive the PCRLB
and present the Monte Carlo based methodology
to calculate the PCRLB. In Section VI simulation
results are presented to assess the performance of our
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developed PF algorithms. Finally, concluding remarks
are presented in Section VII.
II. PROBLEM FORMULATION
We consider a WSN that consists of N sensors
deployed randomly. We assume that the fusion center
knows the locations of all the sensors. The deployed
sensors measure a signal of interest and quantize it
to M-bits. The quantized data at local sensors are
transmitted to the fusion center through nonideal
multi-hop wireless communication channels where
they are fused to estimate the target state. Each relay
node tries to retrieve the quantized data sent from
the last relay node from fading and noise impaired
observations and relays them to the next node until
they reach the fusion center.
We consider a single target moving in the
surveillance area of WSN. The target movement is
assumed to evolve according to
x̄k = f(x̄k¡1 , uk¡1 )

(1)

where x̄k = [x1k , x2k , x_ 1k , x_ 2k ]T is the state vector, which
indicates the position and the velocity of the target
in a two-dimensional Cartesian coordinate system. A
discretized continuous-time white noise acceleration
model [23] for target movement is described by the
linear equation
x̄k = ©x̄k¡1 + uk¡1
where
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and process noise uk¡1 is a white, zero-mean
and Gaussian random process with the following
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where T denotes the sampling period and q is the
power spectral density of the process noise before
discretization [23], which has a unit of m2 =s3 . We
assume that the initial state x̄0 follows a known prior
distribution, i.e., x̄0 » p(x̄0 ). Note that the proposed
approach for target tracking in multi-hop WSNs
is very general and can be applied to nonlinear
dynamic systems (see [22], where a nonlinear nearly
constant turn (CT) model has been used for the target
dynamic model). The linear dynamic model is used

here for simplicity and to illustrate the effectiveness
of the proposed channel-aware tracking approach.
Further, it is assumed that the fusion center has perfect
information about the target state-space model.
The target is assumed to be any source that follows
an isotropic power attenuation model. At any given
time step k, the received signal strength (RSS) at the
nth sensor is the following
s μ
¶®
d0
(5)
an,k = 'k
dn,k
where 'k is the emitted signal power of the target
measured at a reference distance d0 and dn,k is the
Euclidean distance
between the target and the nth
q

sensor dn,k = (»1,n ¡ x1,k )2 + (»2,n ¡ x2,k )2 , in which
(»1,n , »2,n ) and (x1,k , x2,k ) are the locations of the
nth sensor and the location of the target at time
k, respectively, and ® is an attenuation parameter
that depends on the transmission medium which is
considered to be known. At each sensor the RSS
measurement an,k is corrupted by an additive Gaussian
noise
yn,k = an,k + $n,k
(6)
where yn,k is the noisy RSS measurement at the nth
sensor at time k. Here, we assume that the noise $n,k
is independent and identically distributed (IID) across
sensors with zero-mean Gaussian distribution, i.e.,
2
), which represents the cumulative
$n,k » N(0, ¾$
effects of sensor background noise and the modeling
error of the RSS. When the emitted signal power 'k
is unknown and varies with time randomly, we can
model 'k as a dynamic process
'k = 'k¡1 + ¯k

(7)

where ¯k » N(0, ¾¯2 ). Then, we can augment the
original state vector x̄k in (1) with 'k to form
an augmented state vector xk = [x̄k , 'k ]T , and the
corresponding augmented state-space model equation
can be easily obtained. For the linear model (2), the
augmented state-space equation is still linear.
In order to reduce the amount of communication
so that the energy consumption is decreased, each
sensor obtains the RSS measurement yn,k and
quantizes it locally before sending it to the fusion
center. The quantized observation model is given by
8 0
´n,0 < yn,k < ´n,1
>
>
>
>
´n,1 < yn,k < ´n,2
< 1
(8)
Dn,k =
..
>
>
.
>
>
:
L ¡ 1 ´n,L¡1 < yn,k < ´n,L
where Dn,k is the quantized measurement of the
nth sensor at time k, and ´n,0 , ´n,1 , : : : , ´n,L are the
predetermined thresholds for an M = logL2 bit
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Fig. 1. Multi-hop wireless transmission model in a WSN.

quantizer, where ´n,0 = ¡1, ´n,L = 1. Each quantized
observation Dn,k is encoded to produce M-bit data as
Bn,k = [bn,1 , bn,2 , : : : , bn,M ]T ,

bn,j 2 f0, 1g:

(9)

The M-bit data are transmitted using binary digital
modulation. Basically, any binary digital modulation
system can be used. For simplicity we use binary
phase shift keying (BPSK) modulation as follows
0
0
0
, tn,2
, : : : , tn,M
]T
T0n,k = [tn,1

(10)

0
0
where tn,j
= 2bn,j ¡ 1, tn,j
2 f¡1, 1g. Here, symbols
f0, 1g are mapped to f¡1, 1g so that the effect of the
fading channel reduces to a real scalar multiplication
for phase coherence reception [15].
If one neglects the effects of unreliable wireless
channels between sensors and the fusion center, then
the fusion center could be assumed to receive an exact
replica of T0n,k . However, this assumption is not always
valid for a WSN due to the noise and fading.

III. MULTI-HOP WIRELESS TRANSMISSION
CHANNEL STATISTICS
In most WSN applications the communications
between sensors and the fusion center are multi-hop
transmissions in order to minimize energy
consumption. Consider a WSN channel model with
multi-hop transmission as illustrated in Fig. 1. At
a given time step k, the original measurement yn,k
of the nth sensor is quantized to Dn,k , encoded to
M-bit data [bn,1 , bn,2 , : : : , bn,M ]T , and then transmitted
to the fusion center through several relay nodes.
Decode-and-forward is used at each relay node to
transmit the data in a multi-hop network. Each relay
node tries to retrieve the M-bit data sent by its source
node from its faded and noise impaired observation
and relay it to the next node until it reaches the fusion
center.
Suppose there are Hn relay nodes between the
nth local sensor and the fusion center, then the
number of hops from the nth local sensor to the
i
i
i
, tn,2
, : : : , tn,M
]T
fusion center is Hn + 1. Let Tin,k = [tn,1
denote the retrieved M-bit data from the nth
local sensor corresponding to the ith relay node,
where i = 1, 2, : : : , Hn is the hop index and T0n,k =
0
0
0
, tn,2
, : : : , tn,M
]T is the original M-bit data. The
[tn,1
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following assumptions are used in the subsequent
analysis.
1) All the channels are independent of each other,
and each of them can be modeled as a discrete-time
flat fading channel with a phase coherent reception;
hence, the effect of a fading channel is simplified as a
real scalar multiplication.
2) We assume block-fading where the channel
conditions do not change during the transmission of
the M-bit data Tin,k .
3) Additive noise on all the channels is IID and
follows a Gaussian distribution with zero mean and
variance ¾n2 .
Similar to [17] each relay node employs a binary
relay scheme whereby the relay output is inferred
from the channel impaired observation received
from its source node. Given that the noises in all the
channels follow independent Gaussian distributions,
we have the decode-and-forward relayed M-bit data
expressed as
i¡1 i¡1
Tin,k = sign(hn,k
Tn,k + Ài¡1
n,k ),

i = 1, : : : , Hn
(11)

i¡1
where hn,k
is the corresponding channel gain, Ài¡1
n,k =
i¡1 i¡1
i¡1 T
] is an M-dimensional vector
[Àn,1 , Àn,2 , : : : , Àn,M
whose components are IID relay channel noises with
zero mean and variance ¾n2 .
Let Rn,k = [rn,1 , rn,2 , : : : , rn,M ]T denote the input to
the fusion center corresponding to the nth local sensor
at time step k. Thus,
Hn Hn
n
Rn,k = hn,k
Tn,k + ÀH
n,k :

(12)

Let xk = [x1k , x2k , x_ 1k , x_ 2k , 'k ]T denote the target
state vector at a given time step k. The fusion center
sequentially estimates the target state when the
observation set R̄k = [RT1,k , : : : , RTn,k , : : : , RTN,k ]T arrives.
Since sensor noises and wireless links are assumed to
be independent, the likelihood function at the fusion
center can be written as
N
Y
p(R̄k j xk ) =
p(Rn,k j xk )
(13)
n=1

where
p(Rn,k j xk ) =

L¡1
X

Dn,k =0

p(Rn,k j Dn,k )p(Dn,k j xk )
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and

p(Rn,k j Dn,k ) = p(Rn,k j T0n,k ):

(15)

Due to the Gaussian noise assumption, the
probability of a quantized sensor measurement taking
a specific value conditioned on the target state is
μ
¶
μ
¶
´n,l ¡ an,k
´n,l+1 ¡ an,k
p(Dn,k = l j xk ) = Q
¡Q
¾$
¾$
(16)
where Q(:) denotes the complementary cumulative
distribution function of the standard Gaussian
distribution, which is defined as
Z 1
1
2
p e¡t =2 dt:
Q(x) =
(17)
2¼
x
Note that (14) uses the fact that xk , Dn,k , and
Rn,k form a Markov chain, i.e., p(Rn,k j Dn,k , xk ) =
p(Rn,k j Dn,k ). The conditional probability density
function (pdf) p(Rn,k j Dn,k ) = p(Rn,k j T0n,k )
characterizes the channel transmission statistics
and p(Dn,k j xk ) denotes the quantized observation
likelihood for sensor node k.
For a WSN one has the flexibility to design the
communication link layer. The functions of the link
layer that need to be designed include modulation
schemes, data encryption techniques, transceiver
architectures, and decoding schemes. In this paper we
consider a soft-decoding link layer where the received
measurements at the fusion center are used directly
to track the target and Rayleigh flat fading channels
are assumed for soft-decoding links. Note that for
a soft-decoding link, the knowledge of the channel
needs to be incorporated in the tracking algorithm.
In this paper we investigate two different kinds of
channel knowledge. In the first case we assume
complete channel knowledge, i.e., instantaneous
channel gains are available at the fusion center. In
the second case we assume that only channel fading
statistics are known.
A. The Likelihood Function with Known Channel
Gains
We start with the derivation of the observation
likelihood assuming known channel gain. We assume
that the fusion center knows all the instantaneous
i
channel gains hn,k
for n = 1, : : : , N and i = 0, 1, : : : , Hn .
Under the independent channel noise assumption,
each component in the data transmitted from the nth
sensor is also independent. Conditioned on all relay
Hn
0
1
n
channel gains h0:H
n,k = [hn:k , hn,k , : : : , hn,k ], we have
p(Rn,k j Dn,k ) = p(Rn,k j T0n,k ) =

M
Y
j=1

0
n
p(rn,j j tn,j
, h0:H
n,k ):

(18)
Using the multi-hop transmission model described
in Fig. 1, we now derive the observation likelihood

at the fusion center. First we introduce the notion of
binary transmission conditional probability
pHn (t) = p(tnHn = 1 j tn0 = t),

t 2 f1, ¡1g

(19)

where tnHn is the retrieved symbol of the original
symbol tn0 after Hn relays. They are the probabilities
of the output signal being equal to 1 at the last relay
node while the original transmitted symbol at nth
sensor is 1 or ¡1. The conditional pdf representing
the channel transmission statistics can be described as
follows
0
n
p(rn,j j tn,j
, h0:H
n,k )
Hn
Hn
0
= p(tn,j
= 1 j tn,j
)p(rn,j j tn,j
= 1)
Hn
Hn
0
+ p(tn,j
= ¡1 j tn,j
)p(rn,j j tn,j
= ¡1)

1
Hn 2
0
= pHn (tn,j
)p
exp[(¡(rn,j ¡ hn,k
)) =2¾2 ]
2¼¾n
1
Hn 2
0
+ (1 ¡ pHn (tn,j
)) p
exp[(¡(rn,j + hn,k
)) =2¾ 2 ]:
2¼¾n

(20)
We define binary transmission probabilities
pni¡1,i = p(tni = 1 j tni¡1 = 1)

(21)

pn0,i = p(tni = 1 j tn0 = 1):

(22)

and
Given the assumption of known channel gains, we
have the following recursion according to [17].
Ã
!
0
hn,k
n
0
0
p0,1 = p(hn,k + Àn,k > 0) = 1 ¡ Q
¾n
Ã i¡1 ! (23)
hn,k
i¡1
i¡1
pni¡1,i = p(hn,k
+ Àn,k
> 0) = 1 ¡ Q
¾n
pn0,m+1 = pnm,m+1 pn0,m + (1 ¡ pnm,m+1 )(1 ¡ pn0,m ):
(24)
p(tnHn

tn0

pn0,Hn ,

Therefore, pHn (1) =
= 1 j = 1) =
which
can be recursively calculated using (23)—(24).
pHn (¡1) can be similarly recursively determined.
In fact, because each hop can be viewed as a binary
symmetric channel (BSC), we can show that
pHn (¡1) = p(tnHn = 1 j tn0 = ¡1) = 1 ¡ pHn (1): (25)
Once pHn (1) and pHn (¡1) are available, we can
substitute (20) in (18) and get the conditional pdf
p(Rn,k j Dn,k ). Then, from (13) the observation
likelihood function at the fusion center can be
calculated.
To calculate the conditional probabilities in
(20)—(24), which represent the observation likelihood,
the fusion center needs to know the multi-hop routing
structure and all the channel knowledge on each link
along the routes. The assumption of knowing all the
routes and associated channel knowledge is quite
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demanding in practice. For a WSN with very limited
energy and bandwidth, it is prohibitive to spend
resources on estimating the channel every time a
local sensor sends its observation to the fusion center.
Thus, it is imperative to avoid channel estimation and
conserve resources at the possible cost of relatively
small performance degradation. In many WSN
scenarios the statistics of the fading channel and the
additive Gaussian noise can be estimated in advance
and used as prior information. In the next Subsection,
assuming that only channel fading statistics are
available, we derive the observation likelihood.
B. Likelihood Function with Known Channel Fading
Statistics
Let us consider Rayleigh and block-fading
channels. For simplicity assume that all the links have
identical fading statistics. With the mean squared
value of the fading channel gain denoted as 2¾c2 , for
n = 1, : : : , N and i = 0, 1, : : : , Hn , the pdf of channel gain
i
hn,k
is given by
Ã
!
i
i
)2
hn,k
(hn,k
i
i
p(hn,k ) = 2 exp ¡
¸ 0: (26)
,
hn,k
¾c
2¾c2
THEOREM 1 Under the Rayleigh fading channel
assumption, the conditional pdf of received signal Rn,k
given local quantized observation Dn,k of sensor n is
given by
X
Hn
0
n
p(Rn,k j Dn,k ) =
p(Rn,k j TH
n,k )p(Tn,k j Tn,k )
n
TH
n,k

(27)
where the first term in the product above is given by

be written as
p(Rn,k j Dn,k )
= p(Rn,k j T0n,k )
=

X
n
TH
n

=

Hn
0
n
p(Rn,k j TH
n,k )p(Tn,k j Tn,k )

X

Hn
Hn
tn,1
,:::,tn,M
2f1,¡1g

Hn
Hn T
p([rn,1 , : : : , rn,M ]T j [tn,1
, : : : , tn,M
] )

Hn
Hn T
£ p([tn,1
, : : : , tn,M
] j T0n,k )

(29)

where the summation is over the enumeration of all
n
the different binary sequences TH
n,k of length M.
Due to slow fading for the transmission of
M-bit data, the entire set of symbols transmitted
from the relay sensor experiences the same channel
n
fading. Conditioning on the last relay output TH
n,k ,
the likelihood function of the received data has
the form
Hn
Hn T
T
n
p(Rn,k j TH
n,k ) = p([rn,1 , : : : , rn,M ] j [tn,1 , : : : , tn,M ] )

=

Z

Hn
hn,k

1
0
M
Y
@ p(rn,j j tHn , hHn )A p(hHn )dhHn :
n,j n,k
n,k
n,k
j=1

(30)
The result of the integration described above is given
by (28) (the detailed proof of (28) is omitted, and a
similar proof can be found in [24]).

Hn
Hn T
T
n
p(Rn,k j TH
n,k ) = p([rn,1 , : : : , rn,M ] j [tn,1 , : : : , tn,M ] )
" PM
#
2
¯2
j=1 rn,j
=
exp ¡
2¾n2
(2¼)M=2 ¾c2 ¾nM¡4
8
0 ³
´2 1 0 0
0
1
119
PM
Hn
>
>
2
M
M
=
<
r
t
¯
X
X
p
n,j
j=1
n,j
B
C @ @
Hn A
Hn AA
rn,j tn,j
exp @
r
t
£ 1 + 2¼¯ @
Q
¡¯
A
n,j n,j
>
>
2
;
:
j=1
j=1

with parameter
¯=
¾n

sμ

1
¾n
¾c

¶2

:
+M

QM

Hn
0
0
n
The second term p(TH
j=1 p(tn,j j tn,j )
n,k j Tn,k ) =
denotes channel transmission statistics to be given in
the proof.

PROOF Under the assumptions of Rayleigh fading
channels and IID channel noises, the channel
transmission statistics, i.e., the conditional pdf, can
2358

(28)

Under the assumption of IID channel noises, the
binary sequence transmission probability from T0n,k
Hn
Hn T
0
0
T
n
to TH
n,k , i.e., p([tn,1 , : : : , tn,M ] j [tn,1 , : : : , tn,M ] ), can be
expressed as follows
Hn
Hn T
0
0
0
T
n
p(TH
n,k j Tn,k ) = p([tn,1 , : : : , tn,M ] j [tn,1 , : : : , tn,M ] )

=

M
Y
j=1

Hn
0
p(tn,j
j tn,j
)

(31)

Hn 0
where tn,j
, tn,j 2 f1, ¡1g.
Given the assumption of known channel fading
statistics, similar to the result in Section III-A, we
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have

Hn
0
= 1 j tn,j
= 1) = pn0,Hn
p(tn,j
Hn
0
p(tn,j
= ¡1 j tn,j
= 1) = 1 ¡ pn0,Hn
Hn
0
p(tn,j
= 1 j tn,j
= ¡1) = 1 ¡ pn0,Hn
Hn
0
= ¡1 j tn,j
= ¡1) = pn0,Hn :
p(tn,j

(32)

(33)

The term pn0,Hn can be recursively determined as
in (24) with the difference that for known channel
statistics, we have
Z 1
n
0
0
0
0
=
p(hn,k
+ Àn,k
> 0)p(hn,k
)dhn,k
P0,1
0

1
¾
+ p c
2 2 ¾c2 + ¾n2
Z 1
n
i¡1
i¡1
i¡1
i¡1
p(hn,k
+ Àn,k
> 0)p(hn,k
)dhn,k
Pi¡1,i =
=

(34)

0

1
¾
= + p c
:
2 2 ¾c2 + ¾n2

(35)

Substituting (28) and (31) into (27), we get the
conditional pdf of the received signal Rn,k at the
fusion center.
X
Hn
0
n
p(Rn,k j Dn,k ) =
p(Rn,k j TH
n,k )p(Tn,k j Tn,k ):
n
TH
n,k

To compute the likelihood in (30)—(35), under the
assumption that all the links have identical fading
statistics and all the channel noises are IID, the fusion
center does not need to know the exact route of the
data or the instantaneous channel knowledge on
each link along the routes. But the fusion center still
needs to know the source of the data and the number
of hops during data transmission. The statistics of
the fading channel and the noise can be stored at
the fusion center as prior information in advance.
Moreover, as shown in the simulation, the particle
filter with channel gain information does not offer
dramatic performance advantage over that with only
the knowledge of channel fading statistics. So, target
tracking with only channel fading statistics will be less
demanding for prior information and more practical
for real scenarios.
IV. CHANNEL-AWARE AUXILIARY PARTICLE
FILTERING
PF [25] is an effective algorithm for nonlinear
non-Gaussian target tracking by approximating
the posterior distribution p(xk j R̄1:k ) using a set of
(j) Np
(j)
weighted particles fx(j)
k , wk gj=1 , where wk denotes
the weight of the jth particle at time k, Np denotes
the total number of particles, and R̄1:k = (R̄1 , : : : , R̄k )
denotes the observations from all the sensors up to
time instant k.
At each iteration sequential importance resampling
(SIR) PF samples from the prior density of the target
state and the importance weight becomes proportional

to the observation likelihood. Although SIR PF is easy
to implement, it becomes inefficient when the prior
distribution is relatively diffused or the likelihood is
extremely informative. The auxiliary particle filter
(APF) was introduced by Pitt and Shephard [26] as a
variant of the PF. The APF attempts to draw from an
importance function which is as close as possible to
the optimal one. The APF reduces the computational
burden and is generally more efficient than the SIR
method by giving extra importance to particles with
larger predictive values.
At the beginning the initial set of particles x(j)
0 ,
j = 1, 2, : : : , Np , are drawn from the prior distribution,
and the initial weights of the particles are evenly set
as w0(j) = 1=Np . Suppose now that at time step k ¡ 1,
N

(j)
p
we have the weighted particles fx(j)
k¡1 , wk¡1 gj=1 . Then
the steps of APF recursion can be implemented as
follows.

ALGORITHM 1 Channel-Aware Auxiliary Particle
Filtering
Step 1: Auxiliary Variable Resampling Step
For j = 1, : : : , Np compute the conditional mean of xk
given x(j)
k¡1 using target state transition function (1),
(j)
and ¹k = E(xk j x(j)
k¡1 ).
Sample auxiliary integer variable ij from the
set f1, : : : , Np g with the probability p(ij = i) /

(i)
(i)
p(R̄k j ¹(i)
k )wk¡1 . The conditional pdf p(R̄k j ¹k )
denotes the likelihood at the fusion center given
by (13)—(15), where the term p(Rn,k j Dn,k ) is given
by (18) if the channel gains are known or by (27)
if only channel fading statistics are available, and
p(Dn,k j ¹(i)
k ) is calculated by (16).
Step 2: Importance Sampling Step
For j = 1, : : : , Np propagate the current state

particles one step ahead by sampling x(j)
k » p(xk j
(ij )
xk¡1 ) from target state transition function (1).
Step 3: Weight Computation
Evaluate the corresponding importance weight and
(ij )
normalize wk(j) / p(R̄k j x(j)
k )=p(R̄k j xk ), where the
likelihood in the numerator and denominator can be
calculated using (13).
Step 4: State Estimation
Once the weights are normalized, the pdf of the
target state p(xk j R̄1:k ) can be approximated by the
(j) Np
particles fx(j)
k , wk gj=1 , from which one can compute
the estimates of the unknown states, such as the
minimum mean square error (MMSE) estimate
x̂k =

Np
X

wk(j) x(j)
k :

(36)

j=1

V.

POSTERIOR CRAMÉR-RAO LOWER BOUND
ANALYSIS
The PCRLB provides in general the lower bound
for mean square error (MSE) of any estimator of
random vector. In this section we derive the tracking
performance bounds for our multi-hop target tracking
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problem. At time step k let x̂k be an estimate of the
state vector xk ; given all the available measurements
R̄1:k up to time k, we have the lower bound for the
MSE matrix of the estimation error given by
¢

Ck = Ef(x̂k ¡ xk )(x̂k ¡ xk )T g ¸ Jk¡1

(37)

where Jk is the Fisher information matrix (FIM),
whose inverse is the PCRLB matrix of xk . In [27]
Tichavsky, et al. provided a recursive approach to
calculate FIM Jk without manipulating large matrices
at each time k
Jk+1 = Dk22 ¡ Dk21 (Jk + Dk11 )¡1 Dk12
Dk11
Dk12
Dk21
Dk22

=

Ef¡¢xxkk

=

Ef¡¢xxk+1
k

=

Ef¡¢xxkk+1

=

Ef¡¢xxk+1
k+1

=
=

(38)

log p(xk+1 j xk )g

(39)

log p(xk+1 j xk )g

(40)

log p(xk+1 j xk )g =

(Dk12 )T

(41)

log p(xk+1 j xk )g

= Dk22,a + Dk22,b

(42)

log p(x0 )g:

(44)
For any nonlinear non-Gaussian system, we assume
that the derivatives and expectations exist and the
integration and derivatives are exchangeable. The term
Dk11 can be rewritten as

=E

rxk p(xk+1 j

p2 (xk+1 j xk )

j xk )

¡

x
¢xkk p(xk+1

j xk )
p(xk+1 j xk )

¾

:

(45)
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(46)

since p(xk+1 j xk )dxk+1 = 1.
So, we have
½
T
Dk11

=E

rxk p(xk+1 j xk )rxk p(xk+1 j xk )

½

p2 (xk+1 j xk )

Ep(xk+1 jxk )

·

¾

rxk p(xk+1 j xk )rTxk p(xk+1 j xk )
p2 (xk+1 j xk )

¸¾
(47)

= Ep(xk ) fg1 (xk , xk+1 )g:

Dk22,a = Ep(xk ) fg3 (xk )g

p(x0:k+1 , R̄1:k+1 ) = p(xk+1 j xk )p(R̄k+1 j xk+1 )p(x0:k , R̄1:k :)

xk )rTxk p(xk+1

=0

(48)

However, in most cases, direct computation of Dk11 ,
Dk12 , Dk22 involves high-dimensional integration, and
in general analytical solutions do not exist except for
some special models, such as linear systems with
additive Gaussian noise. Here, similar to the idea
behind PF, Monte Carlo techniques are proposed to
evaluate these terms.
Under the assumptions that the target states evolve
according to a first-order Markov process and that
the observations are conditionally independent given
the state, the joint pdf used for the expectations in
(39)—(42) can be factorized as

½

¸
Z ·
Z
¢xxkk p(xk+1 j xk )dxk+1 p(xk )dxk

Dk12 = Ef¡¢xxk+1
log p(xk+1 j xk )g = Ep(xk ) fg2 (xk )g
k

(43)

Dk11 = Ef¡¢xxkk log p(xk+1 j xk )g

¸
¢xxkk p(xk+1 j xk )dxk+1 p(xk )dxk

Following a similar procedure we have

¢

where ¢xy = ry rTx is the second derivative operator
and rx = [@=@x1 , : : : , @=@xnx ]T denotes the gradient
operator with nx representing the dimension of x.
It is important to note that the expectations above
(38)—(42) are taken with respect to the joint pdf
p(x0:k+1 , R̄1:k+1 ). The recursion in (38) begins with
J0 =

Z ·Z

R

= Ep(xk )

+ Ef¡¢xxk+1
log p(R̄k+1 j xk+1 )g
k+1

Ef¡¢xx00

Using decomposition (44) some variables in (45) can
be integrated out and we have
½ xk
¾
¢xk p(xk+1 j xk )
E
p(xk+1 j xk )
Z Z
=
¢xxkk p(xk+1 j xk )p(xk )dxk dxk+1

(49)

log p(R̄k+1 j xk+1 )g = Ep(xk ) fg4 (xk )g
Dk22,b = Ef¡¢xxk+1
k+1
(50)
where
g1 (xk ) = Ep(xk+1 jxk )

g2 (xk ) = Ep(xk+1 jxk )

g3 (xk ) = Ep(xk+1 jxk )

"

"

"

rxk p(xk+1 j xk )rTxk p(xk+1 j xk )
p2 (xk+1 j xk )

#

rxk p(xk+1 j xk )rTxk+1 p(xk+1 j xk )
p2 (xk+1 j xk )

(51)
#

(52)
#
rxk+1 p(xk+1 j xk )rTxk+1 p(xk+1 j xk )
p2 (xk+1 j xk )

(53)
g4 (xk ) = Ep(xk+1 jxk )p(R̄k+1 jxk+1 )
"
#
rxk+1 p(R̄k+1 j xk+1 )rTxk+1 p(R̄k+1 j xk+1 )
£
:
p2 (R̄k+1 j xk+1 )
(54)
The expectations in (51)—(54) can be
approximately evaluated by converting them into
summations using the Monte Carlo integration
methodology. To do so we first generate a set of
IID samples x(j)
k+1 » p(xk+1 j xk,sample ), j = 1, : : : , Mp
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(j)
with identical weights wk+1
= 1=Mp , where xk,sample
denotes the state value at time step k on a sample
track from the target motion model. Then, we have the
PMp (j)
Monte Carlo approximation p(xk+1 j xk ) ¼ j=1
wk+1

¢ ±(xk+1 ¡ x(j)
k+1 ). So, the above expectations can be
approximated as follows
g1 (xk ) ¼

Mp
X

(j)
wk+1

g2 (xk ) ¼

Mp
X

(j)
wk+1

g3 (xk ) ¼

Mp
X

(j)
wk+1

g4 (xk ) ¼

Mp
X

(j)
wk+1

j=1

=
(55)

j xk )

(56)

(j)
T
rxk+1 p(x(j)
k+1 j xk )rxk+1 p(xk+1 j xk )

(57)

p2 (x(j)
k+1 j xk )

p2 (x(j)
k+1 j xk )

j=1

L¡1
X

Dn,k+1 =0

(j)
T
rxk p(x(j)
k+1 j xk )rxk+1 p(xk+1 j xk )

j=1

rxk+1 p(Rn,k+1 j xk+1 )

The elements of the gradient rxk+1 p(Dn,k+1 j xk+1 ) are
as follows (for details see [11], [20])
@p(Dn,k+1 = l j xk+1 )
@x1,k+1
=

£

T
rxk+1 p(R̄k+1 j x(j)
k+1 )rxk+1 p(R̄k+1
p(R̄k+1 j x(j)
k+1 )

j

x(j)
k+1 )

=
d R̄k+1 :

(58)
The final expectation with respect to p(xk ) in
(47)—(50) can be obtained by averaging the above
approximations in (55)—(58) over a number of Monte
Carlo trials, i.e., over a number of sample tracks from
the target motion model. Typically, for an Mc -run
Monte Carlo trial, we have

¡2
®an,k+1 dn,k+1
(»2,n ¡ x2,k+1 )¸n,l d02
p
2 2¼¾$

@p(Dn,k+1 = l j xk+1 )
@ x_ 1,k+1
=

(63)

@p(Dn,k+1 = l j xk+1 )
=0
@ x_ 2,k+1

@p(Dn,k+1 = l j xk+1 )
@'k+1
¡®=2

®=2

d
¸n,l d
= pn,k+1 p 0
2 2¼¾$ 'k+1

M

Dk11

¡2
®an,k+1 dn,k+1
(»1,n ¡ x1,k+1 )¸n,l d02
p
2 2¼¾$

@p(Dn,k+1 = l j xk+1 )
@x2,k+1

j=1

Z

p(Rn,k+1 j Dn,k+1 )rxk+1 p(Dn,k+1 j xk+1 ):
(62)

(j)
T
rxk p(x(j)
k+1 j xk )rxk p(xk+1 j xk )

p2 (x(j)
k+1

where the term p(Rn,k+1 j xk+1 ) is given in (14) and the
expressions for partial derivatives are as follows

c
1 X
=
g1 (x(l)
k )
Mc

l=1

Mc
1 X
g2 (x(l)
Dk12 =
k )
Mc
l=1

(59)

M

c
1 X
g3 (x(l)
Dk22,a =
k )
Mc

l=1
M

Dk22,b

c
1 X
=
g4 (x(l)
k ):
Mc

l=1

As a special case, for the linear target dynamic
model (2), the quantities above can be simplified as
follows
Dk11 = ©T Q¡1 ©,

Dk12 = ¡©T Q¡1 ,

Dk22,a = Q¡1 :

(60)
The matrix
denotes the contribution of the
observation at time k to the PCRLB. Based on (13),
(58) can be further written as
Dk22,b

g4 (xk ) ¼

Mp N
X
X
j=1 n=1

(j)
wk+1

Z

2
]¡
where ¸n:l = exp[¡(´n,l ¡ an,k+1 )=2¾$
2
exp[¡(´n,(l+1) ¡ an,k+1 )=2¾$ ].
The conditional probability p(Rn,k+1 j Dn,k+1 ) is
given by (18) if the channel gains are available or by
(27) if only channel fading statistics are known.
Note that the integration with respect to Rn,k+1
in (61) is an M-fold integration over the received
symbols Rn,k+1 = [rn,1 , rn,2 , : : : , rn,M ]T , and each element
can take any value in (¡1, 1). For the case where
the integration in (61) does not have a closed-form
solution, it can be approximated by numerical
integration approaches [46].
The PCRLB provides a bound on the optimal
achievable accuracy of target state estimation.
Closely related to PCRLB is the concept of
conditional PCRLB [28, 29], which is the PCRLB
on the MSE of the state estimate for the next time
step, conditioned on the measurements up to the
current time. The sensor management technique

(j)
T
rxk+1 p(Rn,k+1 j x(j)
k+1 )rxk+1 p(Rn,k+1 j xk+1 )

p(Rn,k+1 j x(j)
k+1 )

dRn,k+1
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based on the conditional PCRLB has proved to be
particularly effective in automating multi-sensor
resource management [30—33]. The basis of the
sensor management technique is to quantify and
adaptively control the MSE of the target state
estimation at the next time based on the information
available up to the current time. In Section VI we
adopt an approach based on one particular form
of the conditional PCRLB to select a subset of
sensors for conserving energy and communication
bandwidth.
VI. SIMULATION RESULTS
In this section we present results of some
computer simulations that illustrate the performance
of the proposed channel-aware target tracking
algorithms where multi-bit quantized data of sensors
are transmitted over multi-hop fading channels. We
consider a scenario where the examined network
consists of 100 sensors deployed randomly in a
300 m £ 350 m field. The attenuation parameter
is set to ® = 2 and the reference signal power to
' = 200 at d0 = 1 m. We assume the measurement
2
= 0:01. The
noise in (6) has identical variance ¾$
target motion process noise parameter is q = 1. The
sampling interval is T = 1 s and observation length
is 20 s. We assume that all the channels follow
the Rayleigh fading model with unit mean square
value, i.e., 2¾c2 = 1. The channel coefficients hni
for n = 1, : : : , N and i = 0, 1, : : : , Hn are generated
using the Rayleigh fading model. The channel
noise variance ¾n2 is chosen to yield an average
channel signal-to-noise ratio (SNR) of 10 dB. In the
implementation of the proposed algorithms, we use
Np = 3000 particles. We assume that the emitted signal
power 'k is unknown and needs to be estimated. The
prior for the augmented target’s state is a Gaussian
distribution with mean x0 = [30, 30, 10, 10, 200]T and
covariance matrix diagf20, 20, 5, 5, 35g. The variance
of the noise ¯k in the target signal power model as
provided in (7) is ¾¯2 = 1. We use M = 4 to quantize
analog measurements at the sensors. For simplicity
we assume that all the sensors employ identical
thresholds, and uniform quantization thresholds are
used in the simulation.
For target tracking in WSNs, it is assumed that
the fusion center receives data only from a certain
maximum number of sensors due to the available
communication bandwidth and other physical
limitations. Thus, even though a large number of
sensors are available, only a few sensors are used at a
time. Here, we use a particular form of the conditional
PCRLB as the criterion to select sensors in the WSN
for target tracking.
For sensor selection, in order to use the
information from the current measurement and
provide a one-step predicted estimator performance
2362

limit for the upcoming time step k + 1, when the
new measurement zk becomes available, the FIM
Jk is reinitialized using the target state estimation
covariance Ck which was calculated from the PF-based
estimate of the posterior target state pdf. The FIM Jk+1
at time k + 1 is then calculated by one-step recursion
using (38)—(42). Note that a bound obtained this
way is one form of conditional PCRLB discussed in
[29]. At every time step k, we choose the summation
of the position bound along each axis as the cost
function to select sensors for the next time step, i.e.,
¡1
¡1
¡1
Ck+1 = Jk+1
(1, 1) + Jk+1
(2, 2), where Jk+1
(1, 1) and
¡1
Jk+1 (2, 2) are the bounds on the MSE corresponding
to position coordinates x1,k+1 and x2,k+1 , respectively.
Typically in target tracking we are most interested
in minimizing the target position estimation error,
which is one way of maintaining the track of the
target. An alternative cost function is the trace of
the MSE matrix or the PCRLB matrix. However, the
trace of the MSE (or PCRLB) matrix is the sum of
the position and velocity MSEs, which does not have
a clear physical meaning, since the MSE of position
and the MSE of velocity have different units. For
comparison purposes we rerun the simulation using
the trace of the PCRLB matrix as the cost function.
The simulation results are not distinguishable from
those based on position MSEs only. Actually, in most
of the simulation runs, the two methods select the
same sensors. The simulation results corresponding
to this comparison are not shown here due to limited
space.
Note that an alternative sensor selection method
is based on the nearest neighbor criterion, where the
sensors nearest to the predicted position of the target
are selected. In our previous work [7, 10, 12, 33]
simulation results have shown that the PCRLB-based
sensor selection outperformed the nearest neighbor
sensor selection scheme significantly, and much
more accurate tracking results were achieved by
the PCRLB-based approach. Moreover, the derived
PCRLB in this paper is a channel-aware PCRLB
which considers the effect of an imperfect channel,
while the nearest neighbor sensor selection does not
take this into consideration.
Those sensors that collectively minimize the above
cost function are activated at the next time k + 1. The
optimal sensor subset S ¤ (k + 1) is then given by
S ¤ (k + 1) = arg min Ck+1 (S(k + 1)):

(64)

fS(k+1)g

In our simulation, out of 100 available sensors,
only Ns = 3 sensors are selected using the optimal
exhaustive search method to minimize the cost
function at every time step k, which is the constraint
for the optimization problem given in (64).
In the simulation scenario we do not consider
communication delay and routing issues for simplicity.
We assume there is one fixed fusion center. Due to
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Fig. 3. MSEs and PCRLBs for coordinate x of target.
Fig. 2. Realization of target trajectory, its estimate, and randomly
deployed WSN.

the sensor selection approach used here, observations
from only 3 local sensors at every time step are
transmitted to the fusion center, and other sensors only
serve as relay nodes. We assume that all the selected
sensors require the same number of hops to reach the
fusion center, and the number of hops is 3 (or Hn = 2)
without loss of generality.
For comparison we empirically define the
channel-unaware particle filter (CU-PF) by ignoring
relay channel fading, i.e., from the measurements
Rn,k at the fusion center we simply reconstruct
T0n,,k = sign(Rn,k ) as the original M-bit quantized
measurement of local sensor n and calculate its
likelihood function using (16). In Fig. 2 we give a
realization obtained from one simulation run of the
geometry of the randomly deployed WSN, the true
target trajectory, and its estimates under imperfect
channel conditions by channel-aware PF with
channel gain knowledge (CAE-PF), channel-aware
PF with channel fading statistics (CAS-PF), and its
channel-unaware counterpart CU-PF, respectively.
The experimental results clearly show that the two
channel-aware PFs track the target closely, whereas
the CU-PF loses track most of the time due to the fact
that channel fading is ignored. The two channel-aware
PFs show similar performances. Moreover, the
CAE-PF outperforms the CAS-PF. Compared with
CAE-PF there is small performance loss for CAS-PF.
Note that in a CU-PF, the communication channel
is still nonideal. But the fusion center is unaware
of the imperfect channel and still calculates the
measurements’ likelihood as if they were transmitted
over perfect channels. As a result there is a mismatch
between the actual measurements received at the
fusion center and the likelihood calculated by the
fusion center, which leads to the divergence of the
PF. In contrast the channel-aware PFs take the channel
imperfection into consideration and their estimation
performance is improved.

Fig. 4. MSEs and PCRLBs for coordinate y of target.

In order to assess the performance improvement
by employing two kinds of channel-aware PFs, we
display the MSEs at each time step of estimates for
location coordinates x1:k and x2:k in Figs. 3 and 4,
respectively. The MSEs of the signal power estimate
'ˆ are shown in Fig. 5. The corresponding PCRLBs on
the MSEs of coordinate and signal power estimates
with known channel gains (PCRLB-CAE) and channel
fading statistics (PCRLB-CAS) are also shown as
performance bounds in the figures, respectively.
The MSEs and PCRLBs are obtained by taking the
average over 100 different Monte Carlo runs. In each
run we randomly generate sensor locations in the
region of interest, randomly generate a trajectory
of target, then run the channel-aware PF and sensor
selection scheme to obtain the square of the estimation
error, and obtain the PCRLB based on the selected
sensors and their locations. The figures show the
MSEs of estimates and the average PCRLBs.
When a sensor selection scheme is adopted, the
selected subsets of sensors vary over time and also
vary in different Monte Carlo simulation runs. In
general we have a different set of selected sensors
in each Monte Carlo run at each particular time step.
We also notice the jumpy behavior of the MSEs and
PCRLBs. This is partially due to the geometry of
the target and the varying subset of selected sensors.
It can be observed from the figures that the MSEs
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Fig. 5. MSEs and PCRLBs for target signal power.
TABLE I
Percentage of Lost Tracks versus Different Average Channel SNRs
Algorithm

SNR = 10 dB

SNR = 5 dB

SNR = 0 dB

CAE-PF
CAS-PF
CU-PF

0
0
54

6
11
98

27
33
100

nearly follow their PCRLBs and that there is a slight
difference between the MSE and the corresponding
PCRLB which could be due to the nonlinearity of
the problem and suboptimality of the filter. There is
certain performance degradation for the CAS-PF in
comparison with the CAE-PF, but the former is less
demanding in terms of prior information.
We define a lost track when the estimation error
of the target position is greater than 50 m and is
increasing over five consecutive time steps. Based on
this definition Table I shows the number of lost tracks
corresponding to channel-aware PFs and CU-PFs in
100 Monte Carlo trials for different average channel
SNRs. It is clear from Table I that as the channel
becomes noisier, all the filters result in more lost
tracks. However, the two channel-aware PFs (CAE-PF
and CAS-PF) are much more robust against channel
noise and have much fewer lost tracks than the
CU-PF.
In Fig. 6 the performances of channel-aware PFs,
CAE-PF, and CAS-PF, are compared for different
numbers of hops (Hn + 1) between the selected sensors
and the fusion center. The performance criterion is
the averaged MSE in position over all time steps
computed as follows from the MMSE estimates with
respect to the true simulated target states, i.e.,
Mc X
K
1 X
m
m 2
m
m 2
(x̂1,k
¡ x1,k
) + (x̂2,k
¡ x2,k
)
Mc K

(65)

m=1 k=1

m
m
m
m
, x2,k
, x̂1,k
, and x̂2,k
are the actual and
where x1,k
estimated target coordinates at time k in the mth
Monte Carlo trial, respectively, Mc is the number
of Monte Carlo trials, and K is the predefined final
time of the track. As can be seen in the figure, the
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Fig. 6. Averaged MSE versus number of hops (4-bit quantization
and 10 dB average channel SNR).

performances of all the PFs degrade with an increase
in the number of hops. In contrast to CU-PF there
is a very slow degradation for channel-aware PFs.
It is shown that the performances of the CAE-PF
and CAS-PF are quite robust to multiple hops and
imperfections of the wireless channels since channel
information has been included in the estimation
process. The CU-PF has severe performance
degradation and diverges even for a relatively small
number of hops. Furthermore, the comparison with
respect to the PF under the perfect channel conditions
as a benchmark, where we assume that there is no
channel fading or noise, shows that the channel-aware
PFs can overcome the degradation due to multi-hop
relay such that it is almost negligible for a small
number of hops. Although the multi-hop relay affects
the accuracy of target tracking, it leads to significant
reduction in communication energy [21]. Therefore,
there should be a tradeoff between tracking accuracy
and the consumption of communication energy in
the design of the tracking system. In [34], [35] the
tradeoff between performance and network lifetime
was investigated as optimization problems in a
multi-hop sensor network.
Finally, the averaged MSE in position for CAS-PF
is shown in Fig. 7 as a function of the number of
activated sensors (Ns ), which are selected by using the
cost function defined in (64), and the number of bits
M per sensor varying from 1 to 6, respectively. As
can be seen in the figure, the averaged MSE decreases
and the performance improves with the increase of
the number of bits and activated sensors. Moreover,
for our simulation scenario, selecting more than 3
sensors and more than 4 bits offers little performance
improvement. A similar trend can be found for
CAE-PF which is omitted here.
VII. CONCLUSION
In this paper we focused on a resource-constrained
multi-hop WSN with nonideal channels. We proposed
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