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Abstract The Internet of Things (IoT), which is usually
established over architectures of wireless sensor networks,
provides an actual platform for various applications of
personal and ubiquitous computing. Recently, moving
target localization and tracking in an IoT environment have
been paid more and more attention. This paper proposes a
square-root unscented Kalman filtering (SR-UKF)-based
algorithm to discover real-time location of a moving target
in an IoT environment where there exist quantities of
sensors. The data generated from wireless sensor nodes of
the IoT make contributions to localization and tracking of
the moving target. First, a least-square (LS) criterion-based
mathematical model is proposed for localization initiali-
zation in an IoT scenario. Next, we employ an SR-UKF
idea for the further localization and tracking. By using the
data coming from sensor nodes near the target, real-time
location of the moving target can be estimated by imple-
mentation of SR-UKF in an iterative fashion so as to
achieve target status tracking. Simulation results show that
the proposed algorithm achieves good performance in
estimation of both position and velocity of the target with
either uniform linear motion or variable-speed curve
motion. Compared with some existing conventional
extended Kalman filtering (EKF) or UKF-based methods,
the proposed algorithm shows lower location/velocity
estimation error under the same computational complexity,

J. Guo - H. Zhang - R. Bie

College of Information Science and Technology, Beijing Normal
University, Beijing, People’s Republic of China

e-mail: guojunqi@bnu.edu.cn

Y. Sun (X))

Business School, Beijing Normal University,
100875 Beijing, People’s Republic of China
e-mail: yunch@bnu.edu.cn

which demonstrates its potential significance in ubiquitous
computing applications for an IoT environment.

Keywords Internet of Things (IoT) - Wireless
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1 Introduction

The Internet of Things (IoT) [1-8], which has gained
widespread acceptance recently, represents a technological
revolution in the field of future networks, mobile comput-
ing, and wireless communications. Future IoT may establish
over the architecture of wireless sensor network (WSN) [9—
14], which consists of hundreds of sensor nodes performing
distributed sensing and collaborative computing. By
deploying sensors on or around physical objects, the ToT
seamlessly integrates a world of networked smart objects,
makes their information be shared on a global scale, and
provides an ability of intelligent computing and information
processing, such as reporting status, position, and sur-
rounding condition of each sensor node. There are various
application domains which have already benefited from the
IoT, especially in areas of industrial production, logistics,
management, and civilian life. As a new type of Internet
application, the [oT brings a new ubiquitous computing era,
which will extremely change people’s life [15].
Localization and tracking of moving targets, which is
considered as a conventional and classical problem, have
been already studied for several years in many fields,
including wireless cellular network-based mobile user
localization [16], simultaneous localization and mapping
(SLAM) systems [17], global positioning systems (GPS)
[18], Ad Hoc network-based localization [19] and the
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ultrasonic-based object localization [20], etc. However,
solutions in the above fields may not directly suit an IoT
scenario where large quantities of sensor nodes which
perform distributed sensing and collaborative information
processing tasks are interconnected together over a wire-
less channel [21].

With the rapid development of WSN, sensor-based
localization and tracking have attracted many research
efforts in recent years [21-25], most of which transform a
localization and tracking problem into target state estima-
tion by utilizing Kalman filtering [26-28]—a prevailing
method for numerous nonlinear estimation, advanced sig-
nal processing and machine learning applications. As a
candidate of improved Kalman filtering schemes, the
extended Kalman filtering (EKF) is employed in [29], in
which the EKF has successfully combined different sensor
data to achieve suboptimal estimation of target states.
However, the EKF has two inherent flaws [30]: on one
hand, it uses only the first-order linearization to update the
mean and covariance of state variables, while ignoring
higher order terms derived from Taylor-series expansion,
which results in only the first-order accuracy; on the other
hand, the EKF needs to calculate the Jacobian matrix,
which has proven to be a complicated task. Some sub-
sequent studies [30-35] employ the unscented Kalman
filtering (UKF) as an alternative to the EKF for solving
target localization and tracking problem. By utilizing a
deterministic “sampling” approach to calculate mean and
covariance terms with higher accuracy, the UKF outper-
forms the EKF in terms of estimation and prediction with
no burden of calculation of Jacobian matrix [36]. Although
the UKF performance is far more promising for target
localization and tracking, there still exist some numerical
problems such as loss of positive definite of the state
covariance matrix, which derives from rounding errors and
may lead to filtering failure [37]. To solve this problem,
square-root UKF (SR-UKEF) is introduced for target local-
ization and tracking [37, 38], in which the square root of
covariance matrix is used in propagating process so as to
ensure the nonnegative definite of the state covariance
matrix.

Based on the studies above, we propose an SR-UKF-
based localization and tracking algorithm to discover real-
time location of a moving target in an IoT environment
where there exist quantities of sensors. First, a least-square
(LS) criterion-based mathematical model is proposed for
localization 1initialization in an IoT scenario. Next, we
employ an SR-UKF idea for the further localization and
tracking. By using the data coming from neighboring
sensor nodes of the target, real-time location of the moving
target can be estimated by implementation of SR-UKF in
an iterative fashion so as to achieve target status tracking.
Simulation results show that the proposed algorithm
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achieves good performance in estimation of both position
and velocity of the target with either uniform linear motion
or variable-speed curve motion. Compared with some
existing conventional EKF- or UKF-based methods, the
proposed algorithm shows lower localization error under
the same computational complexity, which demonstrates
its potential significance in ubiquitous computing applica-
tions for an IoT environment.

The rest of this paper is organized as follows: Section II
presents a localization initialization model in the IoT. The
SR-UKF-based localization and tracking algorithm are
proposed in Section III. Performance evaluations of our
proposed algorithm are presented and discussed in Section
IV. Finally, Section V presents our conclusions.

2 Localization initialization model in the IoT

In an IoT scenario, hundreds or thousands of networked
sensor nodes are located at the sensing layer of IoT, per-
forming distributed sensing and collaborative data pro-
cessing tasks. Each sensor node has an ability to sense and
report its own state and surrounding conditions. In this
work, we uniformly deploy N “location-aware” sensor
nodes in an IoT scenario, in which each of them has a priori
knowledge of its own location.

Assume that the sensing ability of each sensor node is
limited in a round region with a radius R. All sensors
periodically detect their own surroundings, and the detec-
tion period is usually set to be much smaller than the
velocity of moving target. Note that, there are only two
possible detection results for each sensor node at a certain
moment: 1 or 0. Here, “1” represents that the target has
been detected at this moment, while “0” denotes target
undetected. When detection result of a sensor node at one
moment is different from its result at the adjacent moment
before, this sensor node can be considered as an available
sensor node at this moment for localization initialization,
and the distance between this sensor node and moving
target approximates to R at this moment. As is shown in
Fig. 1, the sensor node is available for localization ini-
tialization at 7, and ts.

If there are three available sensor nodes for localization
initialization, we can determine initial location area of
moving target by utilizing a localization initialization
model, as shown in Fig. 2. In this figure, the shadow area
represents initial location region of the target. However, we
still expect to obtain its precise location information. Here,
we employ a least-square (LS) mathematical criterion [39]
to calculate initial location point of the moving target.

We assume that there are n (n > 3) available sensor
nodes for localization initialization, as is shown in Fig. 3.
Since each sensor node has a priori knowledge of its own
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Fig. 1 Available sensor node (at t, and fs)

location, we have already known location information of
these available sensor nodes, which can be represented as
X, Y, X5, Ys), ..., (X,, Y,), while the unknown initial
location information of moving target is denoted as (x, y).
Since the distance between the moving target and an
available sensor node approximates to its sensing radius
R as shown in Fig. I, we can establish the following
equations:

(X —xP+(—y)) [RI] [w
Xy —x)"+(Y,—y R w2
( ) '( 1 o )
(Xn - x)2+(Yn - y)2 R121 W

where R; denotes the maximum sensing radius of the i-th
(i =1, 2, ..., n) available sensor node; w; represents the i-
th measurement noise. Subtract the last row of Eq. (1) from
other rows, then we get the following equations represented
in matrix form:

UxS=V (2)
where U, S and V are given by:

(X1 —x) (Y1 —a)

(XZ - xn) (YZ - yn)
U=-2x ) . (3)

(Xn—l _xn) (Yn—l _yn)

y O Available Sensor Node
A % Initial Location Area
i 0 5
g % . \
: O Pl O :
B Vo C ;

Fig. 2 Localization initialization model in an IoT scenario

s= 1) @

(R} — RZ) + (Xz = X7) + (Y7 = Y7) + (w1 — wa)
(R3—Ry) + (X3 = X5) + (Y = ¥3) + (w2 — )

—R) + (X2 = X0) + (V7 = Yiy) + (e — )
(5)
Since Eq. (2) contains measurement noise components
which may affect accuracy of its solution, here we use the LS
estimator to obtain the estimate of S. The optimal solution (or
estimate) of Eq. (2) based on the LS criterion is given by:

S = (U'U)'U'V (6)

(R,

n—1

From Eqs. (1-6), we obtain initial location information of
the moving target, which is given by S;s. After localization
initialization discussed above, we should implement further
localization and tracking. This gives rise to an SR-UKF-
based algorithm, as discussed in the next section.

3 SR-UKF-based localization and tracking algorithm
in the IoT

Kalman filters (KF) and their variants are promising solu-
tions for target localization and tracking. However, the
standard linear KF methods are usually not suitable for target
tracking with a nonlinear observation equation. The exten-
ded KF (EKF) [29] methods, which apply the standard linear
KF methodology to linearization of a nonlinear system [37],
show improved filtering performance. However, the EKF
implements only the first-order approximation to a nonlinear
system and ignores higher order terms derived from Taylor-
series expansion, which degrades its performance when it is
used in a nonlinear system. Although the unscented KF
(UKF) [30-35] is an effective alternative to the EKF for a
nonlinear system, it still suffers some numerical problems
such as loss of positive definite of the state covariance matrix
which derives from rounding errors and may lead to filtering
failure [37]. Since the square-root UKF (SR-UKF) [37, 38]
outperforms standard KF, EKF and UKF in nonlinear

Fig. 3 Extended localization initialization model in an IoT scenario
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filtering, here we employ the SR-UKF to design localization
and tracking algorithm in an IoT environment.

3.1 SR-UKEF Principle

For a nonlinear dynamic system, we define the following
dynamic state and observation equations for SR-UKF
implementation, which are given by:

a = Fla) + vy,
b, = H(ay) + wy,

State Equation ;
Observation Equation @
where F(-) is defined as the state function, which shows the
recursive relationship of parameter a at the current moment
(k) and the next moment (k + 1). H(-) denotes the observa-
tion function, which provides the relationship between a, and
b,. F(-) may be linear or nonlinear depending on application
scenarios, whereas H(-) is usually highly nonlinear in SR-
UKEF. Here, a; and by, are the state and observation vectors at
the k-th moment (also at the k-th iteration), respectively. The
value of b, can be obtained by observation or measurement,
while the value of a; is unknown. v, and w; are state and
observation noise vectors, respectively. Usually, the aim of
SR-UKEF is to estimate the value of a; at each k-the moment
(k =1,2,3,4,...) under the given value of b;.

The SR-UKEF principle for state estimation (or prediction)
ofa,(k=1,2,3,4,...) can be summarized as follows:

1. Initialization
a0 = E{ao}, So = chol{E[(ao —40)(ao —40)"]}  (8)

where E{-} denotes the expectation operator; chol{A}
is the original Cholesky factor of A [37].

2. The k-th iterative estimation, k € {1,2,...,00}
(a) Sigma point calculation:

o1 = [ﬁkfbﬁkfl + VL + Sk, 81 — VL + /ISJH}
9)

where L is dimension of the state vector a;; A = L(a® — 1)
is a compound scaling parameter, in which « is a primary
scaling factor and is usually set between 10~ and 1.

(b) Time update:

Lklk—1 = F(xe1) (10)
S (m)

a = Z w" Likjk—1 (11)
i=0

Sa, = qr{ {\/W(mkl —a )
\/@(quc\k—l - 51:)7 \/&] }
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Sa, = cholupdate{Sak, Yox — 4 s Wéc)} (13)

where QV denotes covariance matrix of the state noise
vector v;; {W;} is a set of scalar weights, which is given by:

We" = 2/ (L+ ) W) = A)(L+2) + (1 = o2 + )
(14)

W =W =1/2(L+2)); i=1,...,2L (15)

l

where f§ is a secondary scaling factor. Generally, § = 2 is
optimal for Gaussian distribution; gr{A} represents the
upper triangular part of matrix R (R results from the QR
decomposition of matrix A); cholupdate{A,B,c} is avail-
able in Matlab as “cholupdate”. If A = chol{D} is the
original Cholesky factor of D, then cholupdate{A,B,}
returns the Cholesky factor of D + cBB™.

(c) Measurement update:
Yijk—1 = H(Xk\kq) (16)

2L
b, = Z Wi(m)yi,k|k—l (17)
i=0

Sp, = qr{ [\/%(71,“1 - 6,:),...,

(18)
[t i) Jow
o0 \VoLap—1 — by ), VQ
Sp, = cholupdate{ {Sbk, Yox — b, , WSC)} } (19)
o 7
Pan, = Z Wi(c) |:Xi,k\k71 - a,:} [?i.k|k71 - bk:| (20)
i=0
-1
K = Pakbk (Sbksgk) (21)
= ﬁ; —+ K (bk — B]:) (22)
Ui = KiSp, (23)
S = cholupdate{S,,, Uy, —1} (24)

where QY denotes covariance matrix of the observation
noise vector wy.

The SR-UKF performs the above procedure in an iter-
ative fashion so as to achieve improved performance of
state estimation of a, (k =1, 2, 3, 4,...).

3.2 SR-UKF-based localization and tracking algorithm

Here, we employ the above SR-UKF procedure to solve
localization and tracking problems in an IoT scenario. In
order to describe movement state of a moving target in a
sensor-based IoT environment, we define the following
dynamic state and observation equations.
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3.2.1 State equation

. = F(ay) + v

25
= Pa; + v, ( )

where a, denotes location and velocity information of
moving target at the k-th moment; v, represents the state
noise vector; @ is a state transition matrix. Parameters in
Eq. (25) should be defined in accordance with motion pattern
of the target, while the target may move in any fashion.
Without loss of generality, here we consider two situations:
uniform linear motion and variable-speed curve motion.

When the target moves in a uniform linear motion
(ULM), parameters in Eq. (25) are given by:

a =[x w X YUT (26)
I T1
(I)ULM _ |:02><2 I 2><2:| (27)
2x2 2x2

where [x, y] is location coordinates of target at the k-th
moment; [x;/, y';] represents the derivative of [xg, y;], which
also stands for the velocity in the x- and y-axis direction; I, »
and 0, ., denotes the 2 x 2 unit matrix and all-zero matrix,
respectively; 7 is time interval of sensor detection.

When the target moves in a variable-speed curve motion
(VCM), parameters in Eq. (25) are given by:

a =[x v x Y, ¥ W (28)
L., Thy iT°L,,

Dyey = (022 Do Thyo (29)
020 0250 Lo

where x;” and y,” represents the second-order derivative of
x; and y;, which also stands for the acceleration in the x-
and y-axis direction.

3.2.2 Observation equation

bk = H(ak) + Wi

VX — 5 (1 — 9

\/(Xz — ) (Y2 — i)’ (30)

\/(XM — )+ (Yo — ) |

where (X, Y1), (Xa, Y2), ..., (X, Yyy) represent location
coordinates of M sensor nodes, which are available for
localization and tracking at the k-th moment, respectively;
b, = [R,, R»,..., RM]T represents distances between the
target and available sensor nodes at the k-th moment,
where R; denotes the maximum sensing radius of the i-th
(i =1, 2,..., M) available sensor node; w;, is the observa-
tion noise vector.

The SR-UKF-based localization and tracking algorithm
can be implemented as follows:

1. Initialization

At the initialization stage, we use the proposed locali-
zation initialization model proposed in Section II to obtain
initial location coordinates of target [xq, yo]. For simplicity,
the initial velocity [x’g, y’o] is given when the target moves
in a uniform linear motion, while the initial acceleration
[xo”, ¥o"] is also given for a variable-speed curve motion.
So the initial state vector is given by:

ag=[xo yo % yh]" (see Eq.(26)for ULM) (31)
a =[x yo x Y x ¥

(32)
(see Eq. (28) for VCM)

Based on several initialization tests, we acquire a group
of initial values of a,, and then, we can calculate a, and S,
by using Eq. (8).

2. The k-th iterative Estimation, k € {1, 2,...,00}
(a) Sigma point calculation

Substitute a;_; and S;_; into Eq. (9), then we get y;_;.
(b) Time update

By utilizing Eqgs. (10-13), we get z_;. a, and Sa, -
Note that, F(-) in Eq. (10) should be replaced by Eq. (25).

(c) Measurement update

According to Egs. (16-24), we get the estimate a, and
Si at the k-th moment. Note that, H(-) in Eq. (16) should be
replaced by Eq. (29).

Based on the above procedure which performs in an
iterative fashion, we get the estimates of location and
velocity information of the moving target at any moment,
which indicates realization of target localization and
tracking in an IoT scenario. Figure 4 shows the whole
procedure of the proposed SR-UKF-based localization and
tracking algorithm.

3.3 Computational complexity

Assume that the dimension of the state vector a, and the
observation vector b, in Egs. (25, 29) is L and M, respec-
tively. In the whole algorithm, its computational complexity
mainly comes from two complicated operations: QR
decomposition and cholupdate, which are given by Egs. (12,
13, 18 and 19). For simplicity and without loss of generality,
here we only consider computational complexity, which
comes from these two operations. The QR decomposition of
matrix in Eqs. (12, 18) brings the complexity of
O((3L + 1)L?); the function of cholupdate in Egs. (13, 19)
brings the complexity of O(2LM?). Generally, Lis larger than
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M, so the complexity of SR-UKF-based localization and
tracking algorithm is O(L?), which is equal to the complexity
of both the EKF- and UKF-based methods [37].

4 Simulation results and analysis
4.1 Simulation parameters

We consider a square sensor field (1,000 m x 1,000 m)
which has (—500, —50 m), (—500, 500 m), (500, —500 m)
and (500, 500 m) as its four corners. Fifty sensor nodes
which are used for target detection are uniformly and ran-
domly deployed in this field. We assume that the sensing
ability of each sensor node is limited in a round region whose
radius is 300 m. 7 = 1s is the time interval of sensor
detection. Processing requirements in terms of time for the
whole IoT architecture can be satisfied by using common
processors such as MSP430 (Mixed Signal Processor 430),
where it is used as 16 MHz clock with 16 bits CPU.

4.2 Performance assessment

4.2.1 Case 1: The target moves in a uniform linear motion
(ULM)

(a) Localization Initialization

We assume that the initial location coordinate and velocity
of the moving target are (—400, 400 m) and (x¢’ = 25 m/s,
yo = —25 m/s), respectively, which is given by:

Initialization

< A

I . . . I
| Sigma point calculation |
5 |
Iz Xic I
= I
I E‘D" Time update I
1% I
E I N
12 i Sak |
: é Measurement update :
1= A S I
I a 5 |
L _ e }
a, (=1234..)

Fig. 4 Flow chart of the proposed SR-UKF-based algorithm
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a =[x yo ¥ ¥l

33
=[—400m 400m 25m/s —25m/s]" (33)

(b) Estimation of target trajectory

Figure 5 compares target trajectories obtained from the
three algorithms, which are the EKF [29], the UKF [30-35]
and the proposed SR-UKF-based localization and tracking
algorithms, respectively. The black line in the figure means
the real moving trajectory of the target. The lines with
marks are trajectory estimates by the three algorithms.
From this figure, we find that both the UKF and the pro-
posed algorithms show identical and better trajectory esti-
mation performance when the target moves in a uniform
linear motion. The EKF performs poorly compared with
the UKF and the proposed, which verifies the superiority of
UKF-based methods to the EKF-based methods. The rea-
son is that the linearization approach of the EKF results
only in the first-order accuracy, while approximations of
the UKF-based methods are accurate to at least the second
order [37].

(c) Estimation of location point coordinates in the X-/Y-
axis direction

Figures 6 and 7 compare location estimation errors of
the three algorithms in the X-axis and Y-axis directions,
respectively. Obviously, the EKF exhibits a worse result in
localization, and its location estimation error is limited to
about 20 m, while errors of the UKF-based and the pro-
posed algorithms are less than about 10 and 3 m, respec-
tively. Moreover, our algorithm shows slightly better
estimation performance for target position than the UKF-
based algorithm in Figs. 6 and 7, in which we find that the
positioning accuracy of the UKF-based algorithm is less
than 10 m, while that of the proposed algorithm is less than
3 m. Since the square-root (SR) filter employed in our
algorithm ensures a nonnegative definite characteristic of
the state covariance matrix, the proposed algorithm shows
its superiority.

(d) Estimation of velocity in the X-/Y-axis direction

Figure 8 and 9 compare velocity estimation errors of the
three algorithms in the X- and Y-axis directions, respec-
tively. From the figure, we find that velocity estimates of
all the three algorithms achieve convergence only after
several seconds. However, the proposed algorithm shows
the best velocity tracking since its velocity estimation error
limits to less than about 0.2 m/s in both X- and Y-axis
directions.
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Fig. 6 Comparison of location estimation errors in the X-axis
direction

4.2.2 Case 2: The target moves in a variable-speed curve
motion (VCM)

(a) Localization Initialization

According to the basic physical laws of the movement of
objects, difference of acceleration values between the X-
and Y-axis directions results in a variable-speed curve
motion. Here, we assume that the initial location coordi-
nate, velocity and acceleration of the moving target are
(=400, 400 m), (xo = 25, yo = —25 m/s) and (x,” = 0,
yo! = —1 m/s?), respectively. Note that, acceleration val-
ues here (xy” and y,") are different in the X- and Y-axis
directions, so that the target moves in a variable-speed
curve motion. The initial location information is summa-
rized by:

35

Fig. 7 Comparison of location estimation errors in the Y-axis
direction

—%— EKF-based
—B— UKF-based

05f —+— The proposed 1

Velocity error in the X-axis direction (m/s)

2.5 . . . . . .
0 5 10 15 20 25 30 35

t(s)

Fig. 8 Comparison of velocity estimation errors in the X-axis
direction

T
a =[x yo ¥ Y X ¥l

=[-400m 400m 25m/s Om/s Om/s> —1m/s?]"
(34)

(b) Estimation of target trajectory

Figure 10 compares target trajectories recovered from
the three algorithms. Obviously, all the three recovered
curves presented with marks are close to the real trajectory
curve, which means all the three algorithms perform well
in target localization and tracking when the target moves in
a variable-speed curve motion. However, both the UKF and
the proposed algorithms show identical and superior tra-
jectory estimation performance compared with the EKF-
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Fig. 10 Comparison of curve trajectory estimation

based algorithm, which is similar to the previous conclu-
sion in a uniform linear motion. This demonstrates that the
proposed algorithm can be applied for various occasions
where the target moves in different motions.

(c) Estimation of location point coordinates in the X-/Y-
axis direction

Figures 11 and 12 compare positioning errors of dif-
ferent algorithms in the X- and Y-axis directions, respec-
tively. From the two figures, we may find that the proposed
algorithm keeps on the best positioning performance
among the three. Its positioning errors remain the same as
those in Figs. 6 and 7 (that is: less than 3 m), which also
demonstrates movement states of objects have little influ-
ence on positioning estimation performance of the pro-
posed algorithm.
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(d) Estimation of velocity in the X-/Y-axis direction

Figures 13 and 14 compare velocity estimation errors of
the three algorithms in the X-axis and Y-axis directions,
respectively. From the figures, we find that both the
velocity estimation convergence and estimation errors of
the proposed algorithm in a variable-speed curve motion
case are similar to those in a uniform linear motion case,
which demonstrates velocity states of objects have little
influence on tracking performance of the proposed algo-
rithm. Although there exist acceleration in the X- and
Y-axis directions for the variable-speed motion, velocity
estimation accuracy of the proposed algorithm still remain
the best among three algorithms, which is less than about
0.2 m/s.



Pers Ubiquit Comput (2014) 18:987-996

995

3.5 - -
—— EKF-based
3l —&B&— UKF-based |
—+— The proposed

Velocity error in the X-axis direction (m/s)

35

Fig. 13 Comparison of velocity estimation errors in the X-axis
direction
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Fig. 14 Comparison of velocity estimation errors in the Y-axis
direction

5 Conclusions

In order to achieve real-time localization and tracking of a
moving target, we have proposed a square-root unscented
Kalman filtering (SR-UKF)-based algorithm, which is
suitable for an IoT environment where hundreds or thou-
sands of networked sensor nodes are located at the sensing
layer for distributed sensing and collaborative data pro-
cessing. The data generated from wireless sensor nodes of
the IoT make contributions to localization and tracking of
the moving target. Based on the architecture of wireless
sensor network (WSN), we first present a least-square (LS)
criterion-based mathematical model for localization ini-
tialization in the IoT scenario. Then, we employ an SR-
UKF idea for the further localization and tracking. By

using the data coming from neighboring sensor nodes near
the target, real-time location and velocity of the moving
target can be estimated by implementation of SR-UKF in
an iterative fashion so as to achieve target status tracking.
Simulation results show that the proposed algorithm
achieves good performance in estimation of both position
and velocity of the target with either uniform linear motion
or variable-speed curve motion. Compared with some
conventional extended Kalman filtering (EKF) or UKF-
based methods, the proposed algorithm shows lower loca-
tion/velocity estimation error under the same computa-
tional complexity. Take our simulation for example, it
achieves more precise localization and tracking. Under our
simulation parameter setting, the errors of its location and
velocity estimation can be limited to less than about 3 m
and 0.2 m/s, respectively, which has already satisfied the
demands for conventional and daily localization in campus,
buildings and other public regions. In summary, this work
is of significance for sensor-based localization and tracking
applications.
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