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Abstract—Identifying the spatial location of an object with ref-
erence to a known coordinate system is a critical localization prob-
lem in mobile sensors. In this paper, we present a novel method for
the localization problem by only using a single sensor that knows
its position, with the additional requirement that it is moving. The
proposed method relies on multiple time samples by the moving
sensor based on the received signal strength (RSS) and the angle
of arrival (AOA). We also derive the Cramer–Rao bounds for the
localization parameters. Based on the estimated location informa-
tion over a brief time period, we further present robust trajectory-
estimation techniques that employ Kalman filtering (KF). The
performance of the proposed location and trajectory-estimation
method is analyzed for different motion trajectories in a multihop
sensor network. Based on computer simulations, we demonstrate
that the proposed method reduces energy consumption by ap-
proximately 67% compared with traditional triangulation-based
schemes.

Index Terms—Cramer–Rao bound, Kalman filter (KF), object
localization, object motion, object tracking, object trajectory.

I. INTRODUCTION

THE LIMITED energy, computation power, memory, and
bandwidth of most sensors have motivated extensive re-

search in designing resource-efficient techniques for sensor
applications in diverse areas such as networking, signal pro-
cessing, databases, operating systems, etc. Sensor localization
in wireless networks is a key enabling technology in these appli-
cations and is also critical in numerous wireless communication
tasks. In traditional wireless sensor network models [1], [4],
[10], static sensor nodes are randomly scattered in the sensor
field. However, static sensor networks require a large number
of redundant nodes to maintain coverage and connectivity over
a long period of time. With the recent advances in robotics
and low-power embedded systems, mobile sensors [7], [15]–
[17] are becoming a viable choice. In real-world applications,
sensors can be mounted on mobile platforms (e.g., moving
cars or robots) and utilized to estimate the trajectories of other
unknown mobile targets.
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In this paper, we present an efficient solution to the localiza-
tion problem in mobile sensor network environments based on
the received-signal-strength (RSS) [4] and the angle-of-arrival
(AOA) [8] measurements. Our approach assumes knowledge of
the absolute position of a single moving node in the network,
which is used to determine the relative location of other nodes
in the network. The proposed approach can also easily be
extended to the case of multiple moving sensors as long as a
sufficient number of measurements—four measurements—are
obtained from distinct locations and at close time samples.
Our approach reduces not only the number of samples and the
energy required in sending and receiving of packets but the
possibility of collision, overhearing, control packet overhead,
and idle listening due to low traffic as well.

We first analyze the geometrical model of the localization
problem based on RSS and AOA measurements and then derive
sufficient conditions to ensure the existence of a solution. The
Cramer–Rao bounds for localization and trajectory estimation
in our framework are determined. We further present techniques
for the robust estimation of the overall trajectory using the
unscented Kalman filter (UKF) and the standard Kalman fil-
ter (KF), respectively. Moreover, we extend our approach to
location and trajectory estimation in multihop sensor networks.
Promising results for energy analysis are shown for two sce-
narios: 1) Fixed sensors are mounted on moving platforms,
and 2) mobile sensors requiring the use of energy resources to
mobilize the sensors are deployed. Finally, a brief summary and
a discussion of our results are concluded.

II. RELATED WORK

Considerable research effort has been invested in studying
the localization of sensors and the trajectory estimation of
mobile targets. In applications that demand low cost rather
than accuracy, existing solutions to the localization problem are
based on estimating the RSS or the AOA from a set of sensors
whose positions are known [1]. In some of the existing ap-
proaches, it is assumed that fixed sensors with known positions
are available [10]. In other approaches, anchor-free localization
is performed, where the absolute position of the sensors is not
known [15]–[17]. Existing work, such as [5], has limitations
that it can only distinguish the direction of motion. However,
locations and trajectories that have parallel velocities with a
constant distance apart cannot be distinguished. In [6] and [11],
particle filtering has been utilized for location estimation in
the sensor network. However, it requires a large number of
particles; thus, the computational requirements are very heavy.

0018-9545/$25.00 © 2009 IEEE
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III. GEOMETRICAL ANALYSIS AND

SENSOR LOCALIZATION

A. Assumptions

Since the speed of the communication channel in a contem-
porary sensor network is much faster than the motion of the
targets, we assume that the direction and the velocity of the
object in four consecutive samples remain constant. Notice,
however, that both the direction and the velocity of the object
can change when using the four consecutive samples based
on the next set of four measurements [7]. We further assume
that the absolute position of the sensor at each sample is
known. If the objects are slowly moving, then our sampling
rate is accordingly set. This formulation can be extended to
solve the localization problem for n objects and m sensors in
a multihop network environment by either incorporating the
certainty matrix for the associated data as in [9] for multiple
objects or assigning a unique ID to each of the objects.

B. Mathematical Model

1) RSS Measurement: Assuming that the initial location of
the sensor is known, for example, (0, 0) (e.g., node O in Fig. 1),
our aim is to compute the object location (x, y), i.e., node A
in Fig. 1, with reference to (0, 0). The direction of the velocity
of the object is decomposed into two orthogonal directions vx

and vy along the x- and y-axes, respectively. By using RSS
measurements, the distances between the moving object and
the sensor at consecutive time samples can be expressed as r0,
r1, r2, and r3. The time to get to the second, third, and fourth
samples is denoted by t1, t2, and t3, respectively. The corre-
sponding sampling locations of the object are (0, 0), (x1, y1),
(x2, y2), and (x3, y3), as illustrated in Fig. 1 as O, B, C, and
D, respectively. Under the linear assumption, the locations of
the moving object at the four samples are given by (x, y),
(x + vxti, y + vyti), i = 1, 2, and 3 and represented as A, E,
F, and G in Fig. 1, respectively. Applying the corresponding
geometry, we have

r2
0 = x2 + y2

r2
i = (x + vxti − xi)2 + (y + vyti − yi)2 (1)

where i = 1, 2, and 3. Solving four unknown parameters from
(1) yields the location (x, y). This is the location of the object
for the first sample. With the assumption that all of the kth,
(k + 1)th, (k + 2)th, and (k + 3)th samples have the same di-
rection and amplitude of velocity, we can estimate the location
of the object at the kth time sample. A repeated iteration of this
approach can, thus, be used to obtain an estimate of the entire
trajectory.

Let us derive the conditions required to ensure that our model
has a solution for (x, y). If two circles have an intersection, then
the distance between the centers of the two circles di,j must be
greater than the absolute value of the difference of the two radii
and less than the sum of the two radii. Therefore, we obtain
the following six inequalities: ∀i, j = 0, 1, 2, and 3, and i �=
j(ri − rj)2 ≤ d2

i,j ≤ (ri + rj)2.

Fig. 1. Geometrical model of moving objects for RSS measurements posed as
intersections of four overlapping circles.

Fig. 2. Geometrical model of moving objects for AOA measurements.

2) AOA Measurement: Similar to the RSS-based approach,
we assume that the direction and the velocity of the object in
four consecutive samples remain constant, and we measure the
angle α between the sensor and the object with respect to the
x-axis as

y − y0

x − x0
= tan α0,

y + vyti − yi

x + vxti − xi
= tan αi (2)

where i = 1, 2, and 3. Rearranging (2) in matrix form, we have

(
− tan α0 1 0 0
− tan αi 1 −ti tan αi ti

)
, X =

(
y0 − x0 tan α0

yi − xi tan αi

)

(3)

where X = [x, y, vx, vy]T , i = 1, 2, and 3. Notice that the
necessary and sufficient condition for the existence of a solution
for the localization problem using AOA measurements is that
the coefficient matrix is nonsingular (see Fig. 2), namely, for
i = 1, 2, and 3, we have

det
(
− tan α0 1 0 0
− tan αi 1 −ti tan αi ti

)
�= 0. (4)
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IV. CRAMER–RAO BOUND ANALYSIS

A. Analysis of Signal Localization From a Single Sensor
at Different Times

For RSS measurements, let us consider the positions of the
object and the sensor in four consecutive time slots t0, t1, t2,
and t3, which are given as follows:

1) (x, y): the position of the object at time t0;
2) (0, 0): the position of the sensor at time t0;
3) (xi − vxti, yi − vyti): the position of the object at time ti

with respect to the sensor’s new known position at (xi, yi)
for i = 1, 2, and 3.

If we unfold the time slots, then the earlier described five
positions of the object and sensor can be viewed as five station-
ary sensors whose coordinates are at (x, y), (0, 0), and (xi −
vxti, yi − vyti), i = 1, 2, and 3, respectively. It is easy to show
that the distances from the sensor at location (x, y) to the other
four stationary sensors are r0, r1, r2, and r3, respectively, and
can be expressed by (1), as earlier stated. Therefore, the mobile
case and the stationary case should have the same estimation
bound with respect to the unknown vector of the parameters:
(x, y, vx, vy). For the stationary case, position (xi, yi) is the
position of a single sensor i. The actual distance di,j between
sensors i and j is given by the following equation:

d̂i,j =
√

(xi − xj)2 + (yi − yj)2. (5)

According to [10], the statistical model for the ensemble
mean power at distance d is typically modeled as

P̄ = P0 − 10np log(d/d0) (6)

where P0 is the received power at a short reference distance
d0, and np is the path-loss exponent. The power of a signal
received at sensor i and transmitted by sensor j, i.e., Pi,j , has
the Gaussian distribution

f(Pi,j = p|θ) = N
(
p; P̄ (di,j), σ2

dB

)
(7)

where σ2
dB is the variance for the Gaussian distribution and

is relatively constant with distance. Let xi, yi be the 2i −
1th and 2ith parameters to be estimated, respectively, and let
i = 1, 2, . . . ,M . In our case, xi = x, 0, x1 − vxt1, x2 − vxt2,
x3 − vxt3, and yi = y, 0, y1 − vyt1, y2 − vyt2, y3 − vyt3. The
Fisher information matrix J is

J2i−1,2i−1 = − γ(xi − xj)2/d4
i,j (8)

J2i,2i = − γ(yi − yj)2/d4
i,j (9)

J2i−1,2i =J2i,2i−1 = −γ(xi − xj)(yi − yj)/d4
i,j . (10)

For the nondiagonal entries j �= i, we have

J2i−1,2j−1 = J2j−1,2i−1 = γ
∑

(xi − xj)2/d4
i,j (11)

J2i,2j = J2j,2i = γ
∑

(yi − yj)2/d4
i,j (12)

J2i−1,2j = J2j,2i−1 = J2i,2j−1 = J2j−1,2i

= γ
∑

(xi − xj)(yi − yj)/d4
i,j (13)

where γ = (10np/σdB log 10)2 for RSS measurements, and
γ = 1/σ2

α for AOA measurements. Let us define x̂, ŷ, v̂x, and
v̂y as unbiased estimators of the location and velocity of the
moving object x, y, vx, and vy , respectively. In addition, define
θ̂ as a vector [x̂, ŷ, v̂x, v̂y] and ξ2 as the error of the estimation
vector. Therefore, we have

Var(x̂) = E
(
(x̂ − x)2

)
≥J−1

1,1 (14)

Var(ŷ) = E
(
(ŷ − y)2

)
≥J−1

2,2 (15)

Var(x1 − v̂xt1) ≥J−1
5,5 (16)

Var(y1 − v̂yt1) ≥J−1
6,6. (17)

Thus, the estimation bound for vx, vy can be expressed as

Var(v̂x) ≥ 1/t21 × J−1
5,5 (18)

Var(v̂y) ≥ 1/t21 × J−1
6,6 (19)

ξ2 ≡ tr
[
cov(θ̂)

]
= Var(x̂)+Var(ŷ)+Var(v̂x)+Var(v̂y). (20)

Thus

ξ2 ≥ J−1
1,1 + J−1

2,2 + 1/t21 × J−1
5,5 + 1/t21 × J−1

6,6. (21)

If there are multiple sensors with known absolute position
available in the system, then the localization problem is still
equivalent to the single moving sensor case. Therefore, we can
still assume that in the four adjacent samples from multiple
sensors, the amplitude and the direction of the velocities of the
unknown position objects are invariant. Moreover, our proposed
approach to object localization can further be extended to the
case of signals from multiple sensors that are not necessarily
transmitting at different times. The only requirement is that
at least four measurements are received from sensors that are
located at different positions at any given time instance.

V. PERFORMANCE EVALUATION FOR LOCALIZATION

A. Comparison With Existing Approaches

In this section, we compare the performance of our localiza-
tion algorithms with particle-filter- [6] and extended-Kalman-
filter-based approaches to track multiple targets. The simulation
parameters used for particle-filter-based localization are as
follows: observation periods Ts: 1 s; target noise variance σ2

u:
1; target trajectory: y = cos(2x); sensor noise variance σ2

s : 1/3;
sensor range: 125 m; distance noise variance σ2

g : 1 m; sensor
transmitted power: 1 W; attenuation exponent β: 2; and number
of sensors Ns: 125. Fig. 3 compares the root mean square error
(RMSE) of our approach (UKF) with that of the extended KF
(EKF). Since EKF basically utilizes Taylor expansion for the
linear approximation of high nonlinear functions, the estimation
error with EKF is much greater than UKF. Typically, with
the same mathematical model mentioned in Section III, the
estimation error with UKF is much better than the estimation
error with EKF. As shown in Fig. 4, in terms of computation
time, our approach outperforms the particle-filter-based method
that requires a large number of particles to have a good approx-
imation of the desired probability density function in multihop
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Fig. 3. Comparison of RMSE for trajectory estimation with EKFs and our
approach.

Fig. 4. Comparison of CPU time for trajectory estimation with particle filters
and our approach in a two-hop sensor network.

sensor networks, respectively. It can be seen in the two-hop
sensor network that the difference of CPU time is much greater.

B. Energy Analysis

In this section, we analyze the energy expenses of different
approaches and present performance results assuming different
motion scenarios. We assume that the communication channel
is perfect, and no packets are lost. The energy parameters used
in our analysis are as follows [12], [13]: The energy spent on
switching from the listening state to the sleeping state is 0.2 W,
and the transition time is 0.005 s. The energy spent on sending
(transmitting) a packets Psent is 2.0 W. The energy consumed
in receiving a packet Prec is 1.0 W. The time required in
sending and receiving packets is 0.1 s. During sleep time, the
energy consumed is assumed to be 0.001 W. Based on these
parameters, the energy consumed in acquiring each sample can
be calculated as

Eradio = (Psent + Prec) × 0.1 = 0.3J. (22)

In the following, we consider both fixed and moving-sensor
scenarios to compare the energy tradeoffs offered by our
approach.

Fig. 5. Energy consumption of our approach versus the number of samples
and the velocity of the sensor when the efficiency coefficient is 0.8.

1) Fixed Sensors on Mobile Platforms: Consider the prob-
lem of tracking sensor-mounted moving platforms (car, plane,
robot, etc.) such that the absolute position of only one platform
is known [2]. We do not consider the energy spent in moving
the platforms since the algorithms discussed in this paper do
not induce any motion patterns of their own. To k successive
positions of moving an object, k + 3 samples are needed to
process. Traditionally, to compute k successive positions of
a moving object, the object should get 2k samples in total
from the two sensors. Compared with the two known-position
sensors case, the energy saving with our method can be cal-
culated as 1 − ((k + 3)/2k), where k is sufficiently large, and
the energy saving is approximately 50%. Similarly, compared
with the three known-position sensors case, our method has an
energy savings of approximately 66.7%!

2) Mobile Sensors: Let us now consider the cost of mo-
tion. For simplicity, we assume that the known-position sensor
moves with a constant speed, and the energy spent in making
the sensor move can be expressed as Ek = (1/2η)m × v2,
where η is the efficiency coefficient between 0 and 1. We use k
to denote the number of samples and Eradio to denote the radio
energy consumption per sample. Therefore, the total energy
consumption with our approach can be expressed as Etotal =
Ek + k × Eradio. Fig. 5 depicts the energy consumption in each
object in our approach with the two stationary sensors case.
It can be seen that when the amplitude of the velocity of the
moving sensors is less than 6 m/s, our approach still saves
energy.

VI. APPLICATION OF LOCALIZATION

ALGORITHM IN TRACKING

We introduce filtering over continuous localization results
to improve the tracking results. In this section, we outline the
algorithms to perform tracking of the objects using localization
results.

A. Tracking Algorithm Using RSS Measurements

Due to the high nonlinearity for RSS-based measurements,
we propose to use UKF to improve the accuracy of localization
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and accomplish tracking. We have

⎛
⎜⎝

xk+1

yk+1

vx,k+1

vy,k+1

⎞
⎟⎠ = F

⎛
⎜⎝

xk

yk

vx,k

vy,k

⎞
⎟⎠ +

⎛
⎜⎝

wx,k

wy,k

wvx,k

wvy,k

⎞
⎟⎠ (23)

where

F =

⎛
⎜⎝

1 0 Δt(k) 0
0 1 0 Δt(k)

0 0 1 0
0 0 0 1

⎞
⎟⎠

Δt(k) is used to denote the time between the k + 1th sample
and the kth sample, and w(k) = [wx,k, wy,k, wvx,k, wvy,k] is a
random noise process that accounts for random perturbations.
We model w(k) as a zero-mean white-noise process with
covariance given by

E
[
w(k)w(k)T

]
= Q. (24)

The observation equation is given by

y(k) = g (X(k)) + v(k) (25)

where g(·) is provided by (1), and v(k) is computed as

r2
0 = (r̂0 − δr0)

2 = r̂2
0 − 2r̂0δr0 + δ2

r0
. (26)

Similarly, we have the measurement noise v(k) =
[−2r̂0δr0 +δ2

r0
,−2r̂1δr1 +δ2

r1
,−2r̂2δr2 +δ2

r2
,−2r̂3δr3 +δ2

r3
]T .

Therefore

E (v(k)) =
[
ξ2
r0, ξ

2
r1, ξ

2
r2, ξ

2
r3

]T
(27)

the covariance matrix of the measurement noise Rk can be
computed as

Rk =

⎛
⎜⎝

2ξ4
r0 + 4r̂2

0ξ
2
r0 0 0 0

0 · · · 0 0
0 0 · · · 0
0 0 0 2ξ4

r3 + 4r̂2
3ξ

2
r3

⎞
⎟⎠ . (28)

We further denote X(k) as the vector [xk, yk, vxk, vyk].
The UKF embeds the unscented transform into the recursive
prediction and update structure of the KF [14]. We provide the
prediction and update steps for our approach to tracking based
on a minor reformulation of the state and observation models.
The details of the steps of the RSS-based tracking algorithm are
discussed in Appendix.

B. Performance Evaluation of the RSS-Based
Tracking Algorithm

We select λ=−2 according to the useful heuristic L+λ=3
for the case of Gaussian distribution [14]. The performance is
evaluated when the SNR is 20 and 100 dB with a sampling
frequency of 5 Hz. Note that SNR is the ratio of the mean of
the power to the variance of the noise. The process noise w(k)
is zero mean with variance 0.1, and R(k) is calculated. The
initial value for the covariance matrix is P [0|0] = 104I , where

Fig. 6. Trajectory estimation for RSS measurement when SNR = 20 and
sampling frequency f = 5 Hz (solid line denotes real track, and × represents
the estimated track).

Fig. 7. Trajectory estimation for RSS measurement when SNR = 100 and
sampling frequency f = 5 Hz (solid line denotes real track, × represents the
estimated track).

I is an identity matrix. As can be seen from the simulation
results, the estimated trajectory is much more accurate for
higher SNR values (see Figs. 6 and 7). We also provide the
simulation results of UKF with initial perturbations. Specifi-
cally, we add random noise to the initial value to obtain X̃0|0 =
[x0 + πx0, y0 + πy0, vx0 + πvx0 , vy0 + πvy0 ]. The variance of
the noise parameters and the corresponding MSE of estimation
are shown in Table I. The tracking algorithm for AOA-based
measurements can be solved by standard KFs based on (3).

C. Performance Evaluation of the AOA-Based
Tracking Algorithm

The performance is evaluated with sampling frequencies
of 5 and 10 Hz, respectively. The process noise w(k) and the
measurement noise v(k) are zero mean with variance 0.1.
The initial value for the covariance matrix is P [0|0] = 104I ,
where I is the identity matrix. We utilize UKF and standard
KF for AOA-based tracking. The noise model α̂ = α + δα1 ,
where α̂ has the variance 5◦, is chosen, and the noise model
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TABLE I
MSE FOR LOCALIZATION WITH INITIAL PERTURBATION OF UKF

Fig. 8. Trajectory estimation for AOA measurement when δα1 = 5◦ and
sampling frequency f = 5 Hz with UKF (solid line denotes real track, and
� represents estimated track).

ˆtanα=tan α+δα2 , where δα2 has the variance 0.01, is chosen.
The increase of sampling rate improves the tracking perfor-
mance, particularly for UKFs. To implement and further evalu-
ate the proposed estimation system, RMSEs over the sampling
rate for different trajectories are computed in Figs. 8 and 9.

D. Localization in Multihop Sensor Networks

In this section, we extend our approach and mathematical
model to solve the localization and tracking problem in a mul-
tihop wireless sensor network, where a single moving sensor is
within one hop of only a subset of the nodes in the network as
follows.

1) Estimate the locations of all the objects within one of the
moving sensors using the RSS- or AOA-based tracking
algorithms described in the previous sections.

2) Based on the positions of the objects in the overlap-
ping regions of the current and next hops, estimate the
positions of the objects located in the next hop of the
network. For multiple moving sensors in the overlap
region, average the information of the locations by the
centroid formula

(x, y) =
(

x1 + x2 + · · · + xn

n
,
y1 + y2 + · · · + yn

n

)
.

To distinguish between the signals from multiple sensors/
objects, we assume that each sensor either has a unique ID

that is known to all the objects or uses a certainty matrix
in the measurement equation, as in [9], so that KF or UKF
can be implemented to do estimation. Since we estimate the
positions of the mobile targets in the second hop with the
positions of the objects in the overlapping regions, relying on
perturbation analysis, we assume the noise for the positions of
the sensors in the overlapping regions as δx,i, δy,i ∼ N(0, ξ2),
i = 1, 2, and 3. Thus

r2
0 =x2 + y2

r2
i = [x + vxti − (xi + δx,i)]

2

+ (y + vyti − (yi + δy,i))
2

where i = 1, 2, and 3. The measurement noise ṽ(k)

ṽ(k) =
(

−2r̂0δr0 + δ2
r0

−2r̂iδri
+ δ2

ri
+ zi

)
(29)

where zi =δ2
xi

+δ2
yi
−2δxi

(x+vxti−xi)−2δyi
(y+vyti−yi),

where i = 1, 2, and 3, and

E (ṽ(k)) =
(

ξ2
r0

ξ2
ri + 2ξ2

)
(30)

where is i = 1, 2, and 3. The covariance matrix of the measure-
ment noise with perturbation R̃(k) is diagonal with diagonal
elements A and Bi, where

A = 2ξ4
r0 + 4r̂2

0ξ
2
r0

Bi = 2ξ4
ri + 4r̂2

i ξ2
ri

+ 4
[
ξ2 + (x + vxti − xi)2 + (y + vyti − yi)2

]
ξ2

where i = 1, 2, and 3. Thus, the covariance matrix includes
the unknown variable [x, y, vx, vy]. By assigning the unknown
variable [x, y, vx, vy] with initial guess and implementing UKF,
the unknown parameter [x, y, vx, vy] and the covariance matrix
of the measurement noise are iteratively estimated. The iterative
algorithm is terminated until either all the estimates stabilize or
the sum of the square of the residual is smaller than a set thresh-
old. The perturbation analysis in AOA-based measurements in
a multihop sensor network can similarly be determined.

E. Performance Evaluation of the Localization Algorithm for
Multihop Networks

We simulate a two-hop network case by assuming that the
objects are located in two overlapping circles with the same
radius of 17 cm. The communication range is limited to one
circle only. The left circle is denoted as the first hop, and the
right circle is denoted as the second hop. We plot the estimated
positions of the objects in the overlapped region, which will
later be used to estimate the position of the objects in the second
circle. Linear and curve trajectories are considered for per-
formance analysis. We define the noise in the communication
channel caused by path loss and shadowing as σdB/np = 1.5
(RSS) and σα = 3◦ (AOA).
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Fig. 9. RMSE for trajectory estimation with different sampling frequencies
for AOA- and RSS-based measurement.

Fig. 10. Localization performance for linear trajectory in a two-hop sensor
network with our approach based on (�) RSS and (∗) AOA measurements.
The solid lines depict the true trajectories, and + stands for the estimated
positions of the sensors in the overlapped region.

The performance results are shown in Figs. 10 and 11. We
calculate the RMSE for each kind of trajectory in Table II. The
following can be seen: 1) The error for the linear trajectories
is smaller than the error for the curve trajectories due to the
assumption that the amplitude and the velocities of the mobile
object are invariant in four adjacent samples, and 2) the error in
the localization of the objects located in the second hop of the
network is slightly larger than the error in the localization of the
objects in the first hop of the network. However, we have greatly
reduced the error in multihop sensor networks with filtering
techniques. Different channel fading models, such as Rayleigh
and Rician, could easily be integrated into our tracking algo-
rithm for indoor and outdoor localization [3]. Moreover, our
algorithm is also robust for the missing measurements.

VII. CONCLUSION

In this paper, we have presented a novel approach to iden-
tify the location of a moving object by only using a single

Fig. 11. Localization performance for the curve trajectory with a mild turn
in the two-hop sensor network, with our approach based on (�) RSS and (∗)
AOA. The solid lines depict the true trajectories, and + stands for the estimated
positions of the sensors in the overlapped region.

TABLE II
RMSE FOR LOCALIZATION

moving sensor. Based on successive localization and filtering
techniques for noisy measurements, the localization results
have been used for trajectory estimation. The Cramer–Rao
lower bounds on the estimation error from moving sensors are
derived by extending the existing results for stationary models.
The approach presented in this paper for localization from a
single moving sensor based on RSS and AOA measurements
can easily be extended to solve the localization problem for
signals from multiple sensors at different locations and close
time samples. By comparison with existing methods, we have
shown that our approach provides significant energy savings for
fixed sensors on mobile platforms and mobile sensors with slow
sensor motion. We have also analyzed the performance of our
approach to localization and trajectory estimation in a multihop
sensor network by relying on perturbation analysis. In the
future, the localization and trajectory estimation from multiple
noisy measurements by integrating localization and filtering
into an optimal estimation framework could be explored.

APPENDIX

DETAILS OF RSS-BASED TRACKING ALGORITHM

The tracking algorithm consists of two phases: 1) predict and
2) update. The different steps involved in the predict and update
phases are outlined hereinafter as in [14]. Initialize E[X(0|0)]
and P (0|0), where X(k|k − 1) indicates the state for the kth
sample, given the state of the k − 1th sample.

1) Predict Phase: We shall now predict the mean and co-
variance of the state by first augmenting the current state and
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covariance matrices as

Xa
k−1|k−1 =

(
X̂k−1|k−1 E[wk]

)
(31)

P a
k−1|k−1 =

(
Pk−1|k−1 0

0 Qk

)
. (32)

Generate (2L + 1) sigma points, where L is the dimension of
the state

χ0
k−1|k−1 = Xa

k−1|k−1 (33)

χi
k−1|k−1 = Xa

k−1|k−1 +
(√

(L + λ)P a
k−1|k−1

)
i

i = 1 . . . L (34)

χi
k−1|k−1 = Xa

k−1|k−1 −
(√

(L + λ)P a
k−1|k−1

)
i−L

i = L + 1, . . . , 2L. (35)

Propagate sigma points through the state equation χi
k|k−1 =

f(χi
k−1|k−1), i = 0, 1 . . . 2L. The mean and covariance of the

predicted state are computed as

X̂k|k−1 =
2L∑
i=0

Wiχ
i
k|k−1 (36)

Pk|k−1 =
2L∑
i=0

Wi

(
χi

k|k−1 − X̂k|k−1

)

×
(
χi

k|k−1 − X̂k|k−1

)T

. (37)

The weights are computed as

W0 =
λ

L + λ
, Wi =

1
2(L + λ)

, Wi+n =
1

2(L + λ)
. (38)

2) Update Phase: We shall now update the predicted state
and covariance by first augmenting the predicted state and
covariance with the mean and covariance of the measurement
noise, i.e.,

Xa
k|k−1 =

(
X̂k|k−1 E[vk]

)

P a
k|k−1 =

(
Pk|k−1 0

0 Rk

)
.

Project the sigma points similarly generated as the predict phase
through a set g of nonlinear observation equations

γi
k = g

(
χi

k|k−1

)
, i = 0, 1, . . . , 2L. (39)

Recombine the sigma points to produce the predicted mea-
surement, covariance, and cross covariance as

ŷk =
2L∑
i=0

Wiγ
i
k (40)

Pykyk
=

2L∑
i=0

Wi

(
γi

k − ŷk

) (
γi

k − ŷk

)T
(41)

PXkyk
=

2L∑
i=0

Wi

(
χi

k|k−1 − X̂k|k−1

) (
γi

k − ŷk

)T
. (42)

Compute the Kalman gain using the cross covariance

Kk = PXkyk
P−1

ykyk

X̂k|k = X̂k|k−1 + Kk(yk − ŷk)

Pk|k = Pk|k−1 − KkPykyk
KT

k . (43)
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