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Abstract—Passive localization is fundamental for many
applications such as activity monitoring and real-time tracking.
Existing received signal strength (RSS)-based passive localization
approaches have been proposed in the literature, which depend
on dense deployment of wireless communication nodes to achieve
high accuracy. Thus, they are not cost-effective and scalable.
This paper proposes the RSS distribution-based localization
(RDL) technique, which can achieve high localization accuracy
without dense deployment. In essence, RDL leverages the RSS and
the diffraction theory to enable RSS-based passive localization
in sensor networks. Specifically, we analyze the fine-grained
RSS distribution properties at a variety of node distances and
reveal that the structure of the triangle is efficient for low-cost
passive localization. We further construct a unit localization
model aiming at high accuracy localization. Experimental results
show that RDL can improve the localization accuracy by up to
50%, compared to existing approaches when the error tolerance
is less than 1.5 m. In addition, we apply RDL to facilitate the
application of moving trajectory identification. Our moving
trajectory identification includes two phases: an offline phase
where the possible locations can be estimated by RDL and an
online phase where we precisely identify the moving trajectory.
We conducted extensive experiments to show its effectiveness for
this application—the estimated trajectory is close to the ground
truth.

Index Terms—Passive object localization, RSS distribution,
WSNs.
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I. INTRODUCTION

L OCALIZATION in sensor networks has been playing a
key role in many applications, such as geographic rout-

ing and position-aware data processing. Most of the existing
localization technologies [1]–[11] request that the objects/users
carry communication-capable devices to send/receive electro-
magnetic waves, acoustic or ultrasonic signals, etc. By doing
so, they can be detected and then located by the anchor nodes.
Despite their success in many scenarios, these approaches
become infeasible in some circumstances, such as intrusion
detection and wildlife monitoring, where equipping each object
with communication devices would be extremely expensive or
even impossible. Recently, a growing interest has been shown in
the passive, device-free localization techniques [12]–[24] that
do not rely on carry-on devices.

Compared with other passive localization techniques, such
as GPS and CSI (Channel State Information) [25], which need
some special devices (e.g., the extra video [26], infrared sensors
or the Intel 5300 network card), the Received Signal Strength
(RSS)-based passive localization technologies are widely used
because of their low-cost infrastructure. These technologies
rely on an array of nodes to communicate with each other
and to measure the RSS values. The basic idea is to exploit
the disturbance of the object due to its presence in the radio
environment [12], to estimate its location without relying on
any carry-on devices. These approaches typically locate objects
using a dense deployment of sensor nodes [13], [18], [19] and
the localization accuracy depends on the deployment density
and distance between sensor nodes. In general, the denser the
sensors, the higher the tracking accuracy. However, a dense
deployment of sensors results in a high cost for the equipment
and the communication, particularly in a large region.

To solve this problem, some researchers have used compres-
sive sensing (CS) technique [20] to locate the object in a sparse
deployment scenario. However, the complexity of the recon-
struction algorithm in CS is high and the solution is sensitive
to environmental noise. In this paper, we present a novel RSS
Distribution-Based Localization (RDL) technique that provides
sufficient accuracy even with sparse deployment, and for a low
cost. Specifically, we investigate the RSS distribution properties
of the communication links based on intensive measurement
and the diffraction theory to enable high accuracy. To this end,
we analyze the fine-grained RSS distribution properties of a sin-
gle link at a variety of node distances that confirm the signal
symmetry properties. Based on the properties, we obtain the
exact location by matching the RSS values and the distribution
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properties. Then we show that the structure of the triangle to
deploy the nodes is efficient for low-cost passive localization.
We further construct a Unit Localization Model (ULM) for high
accuracy localization. Our results show that the localization
accuracy is improved by up to 50% when the error tolerance
is less than 1.5 m, compared to existing approaches [13]. In
addition, RDL can leverage its ability to enable a passive RSS-
based tracking application. The average tracking error is 0.59 m
when the node distance is 4 m.

The main contributions of this paper are as follows:
• We investigate the RSS distribution properties based on

extensive measurements and the diffraction theory. We
can obtain high localization accuracy by matching the
RSS values and the distribution properties without dense
deployment.

• We propose an inexpensive, real-time and efficient pas-
sive localization approach called RDL. Our numerical
results show that RDL improves the localization accuracy
by up to 50% when the error tolerance is less than 1.5 m,
compared to the Midpoint algorithm and the Intersection
algorithm in [13]. We verify the proposed approach by
both trace-driven simulation and implementation on a
testbed. While our design and results are presented in the
context of sensor networks, the basic idea can be extended
to other systems, such as Wi-Fi.

• We further apply RDL to track the moving object, which
includes three steps. The first step is to eliminate the
environment noise in the obtained RSS vector. The sec-
ond step is to identify the so-called effective contribution
nodes. Third, a series of estimated locations are used to
identify the trajectory.

The rest of this paper is organized as follows: Section II
introduces the related work. The signal symmetry properties
are proposed in Section III. The localization approach based on
the Unit Localization Model and experimental results are pre-
sented in Section IV. Section V presents a tracking application
and the performance evaluation. Concluding remarks are given
in Section VI.

II. RELATED WORKS

Active Object Localization: A number of RF-based local-
ization systems have been proposed in the literature [1]–[7].
LANDMARC [1] is a location sensing prototype that uses the
Radio Frequency Identification (RFID) technology for indoor
localizations. The location of the tracked object is estimated
based on the K nearest reference tags, where the object is
required to carry an RFID tag. MoteTrack is another system
to locate the mobile nodes and the location of each mobile node
is obtained by the RSS signatures from several anchor nodes,
where the signature database is stored in anchor nodes [4].
RADAR [3] operates by combining signal strength informa-
tion at multiple base stations based on empirical measurements.
FreeLoc [8] is an efficient localization method addressing three
major technical issues posed in crowdsourcing-based systems.
It provides consistent localization accuracy in an environment
where the device heterogeneity and the multiple surveyor prob-
lems exist. Recently, Wang et al. [9] proposed a fine-grained

RFID positioning system that is robust to multipath and non-
line-of-sight scenarios. Results show that their design can locate
misplaced books with a median accuracy of 11 cm. Yang et al.
[27] proposed a RFID-based system, Tagoram, for object local-
ization and tracking with the accuracy in mm. Nevertheless,
these localization algorithms request that the object should
carry a communication-capable device (transmitter and/or a
receiver), which is not feasible in situations like intrusion
detection and wildlife monitoring.

Passive Object Localization: In [17], the proposed solu-
tion does not require the object to carry any wireless devices,
while the RSS was used instead. However, their system can
only detect the presence of the object but cannot give the exact
locations. In [13], [18], [19], a signal dynamic model based on
RSS was proposed to locate the transceiver-free objects. The
anchor nodes are deployed as a grid array and the distance
between nodes is 1 m or 2 m. The objects can be passively
located, but dense deployment may not be feasible for cover-
ing a large region due to the high communication cost and the
equipment investment. Another passive localization approach
was proposed in [14], but it needs to increase the number of
sensors to obtain high accuracy, which is also not scalable.
To cope with objects moving at dynamic speeds, [21] pro-
posed an adaptive speed change detection framework, but a
dense deployment is still needed. Wang et al. [20] proposed
a multi-object passive localization method based on compres-
sive sensing, which does not depend on dense deployment. In
any case, they ignored the complexity of the reconstruction
algorithm while using a compressive sensing technique. This
paper presents a novel passive localization approach — RDL.
Instead of the coarse-grained RF-disturbance by the object,
we exploit the fine-grained RSS distribution properties. We
reveal the Signal Symmetry Properties and construct the Unit
Localization Model to provide high localization accuracy in a
sparse deployment. Furthermore, we leverage the RDL ability
to enable a passive tracking application to identify the trajectory
of the moving object.

III. SIGNAL SYMMETRY PROPERTIES

To exploit the fine-grained RSS distribution, we first inves-
tigate the RSS distribution properties. For the sake of conve-
nience, in this section, we start with a simple case of one single
link.

In Fig. 1, the monitoring area is divided into four parts by the
line-of-sight (LOS) (X-axis) and its perpendicular (Y-axis). We
define each parallel line of the Y-axis as a y-line. Furthermore,
we divide the area into s × t grids. When an object moves into
the monitoring area, as shown in Fig. 1, it affects the RF sig-
nals between the transmitter T and the receiver R. For a single
link with an object at different locations, the important signal
symmetry properties (SSPs) can be seen, as summarized below:

1) SSP1: The RSS values vary as the object appears in
different grids;

2) SSP2: The RSS values are almost the same when the
object appears in a pair of symmetrical grids about the
area center;

3) SSP3: The affected area of one single link is quite limited.
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Fig. 1. The monitoring area of a single link is divided into four parts by the
X-axis and the Y-axis. Then, we model the SSPs using the knife-edge diffrac-
tion model. When the object appears at different places, it will block the
different number of Fresnel zones and affect the RF signals of the transceiver
pair.

A. Theoretical Foundations

According to the diffraction theory [28], we model the signal
propagation properties using the knife-edge diffraction model
when the transceivers are deployed in a line. Here, we refer
to the diffraction pattern as the RSS distribution of a single
link caused by an object. It is formed due to the RSS attenu-
ation caused by diffraction of radio wave when the object block
the signal [28]. By doing so, it is convenient to calculate the
theoretical diffraction pattern based on the following equations
(Eq. (1) to Eq. (5)). Let the width of the object be rn , which can
be calculated by the radius of Fresnel zone circle equation [28]
as follows:

rn =
√

nλd1d2

d1 + d2
, (1)

where n refers to the number of Fresnel zones affected by the
object. Specifically, Fresnel zones represent successive regions
where secondary waves have a path length from the transmit-
ter to receiver which is nλ/2 greater than the total length of
a LOS path [28]. The concentric circles in Fig. 1 show an
example of Fresnel zones. Furthermore, the larger the num-
ber of Fresnel zones, the larger the RSS attenuation. Let λ be
the wavelength, d1 be the distance between the transmitter and
the object, and d2 be the distance between the object and the
receiver. Equivalently, n can be given by:

n = r2
n (d1 + d2)

λd1d2
. (2)

Apparently, n varies with changes of d1 and d2, which means
that when an object stays at different grids (different d1 and d2),
it can affect the different number of Fresnel zones. Accordingly,
we can observe a variety of RSS values when an object stays at
different grids. That is, SSP1 holds.

If an object does not block the area of the first Fresnel zone
[28], the diffraction loss will be quite trivial. As a rule of thumb
[28], as long as 55% or more of the first Fresnel zone is not
blocked, further Fresnel zone clearance does not significantly
mitigate the diffraction loss. That is, SSP3 holds.

The Fresnel-Kirchoff diffraction parameter v is given
by [28]:

v = h

√
2(d1 + d2)

λd1d2
, (3)

where h is the effective height of the object. The electric field
strength, Ed , of a knife-edge diffracted wave is given by

Ed

E0
= F(v) = 1 + j

2

∫ ∞

v
exp

(
− jπ t2

2

)
dt , (4)

where E0 is the free space field strength and F(v) is the com-
plex Fresnel integral. F(v) is a function of the Fresnel-Kirchoff
diffraction parameter v, defined in Eq. (3). The diffraction gain
due to the presence of a knife-edge, as compared to the free
space E-field, is given by:

Gd(d B) = 20log |F(v)| . (5)

According to Eq. (3), d1 and d2 have symmetric effects on v.
That means that when an object stands at the symmetrical posi-
tion, the Fresnel-Kirchoff diffraction parameter v will remain
the same. Thus, the diffraction gain remains the same. That is,
SSP2 holds.

B. Experimental Validations

In addition to the theoretical analysis, we also conducted
experiments using MICAZ [29] nodes to validate SSPs.

Specifically, we used 4 m node distance to balance the
localization accuracy and the costs of both the equipment and
communication. The monitoring area was equally divided into
7 × 12 grids with the length of 0.5 m and the grids formed
4 symmetrical sub-areas. The coordinates of the transmitter
and receiver are (A, 6) and (G, 6), respectively. The object (a
human being, in our experiments) was placed at the individ-
ual grids and 100 RSS measurements were collected from each
grid (as shown in Fig. 2(a)). Fig. 2(b) shows the RSS distribu-
tion when the object appeared at different locations. The RSS
value is quite large as the object is close to the center. From
Fig. 2(b), we observe that the RSS values follow SSP2. That
is, the RSS values are kept the same for the pair of symmetrical
grids. We also observe SSP3 — the RF effect is negligible when
the object is more than 1 m away from the LOS. We can obtain
the effective width, which is about 2.5 m. Therefore, the effec-
tive coverage area at distance of 4 m is around 3.5 m × 2.5 m.
Furthermore, we tested the effective coverage width at different
node distances. As shown in Fig. 2(c), we plot the RSS distribu-
tion of the Y-axis (Fig. 1) with node distance varying from 2 m
to 8 m. We can set a threshold μ to intercept it, which denotes
the coverage width for a given distance. More specifically, the
thresholds are more than 1 m, 2 m, 3 m, 4 m at distance of 2 m,
4 m, 6 m, 8 m, respectively. Overall, our experiments demon-
strate that the RSS distribution obeys the three derived SSPs in
the last subsection.

According to the theoretical analysis and realistic experi-
ments, we are motivated to locate the object based on SSP1. On
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Fig. 2. (a) The distribution of sampling sites for 4 m transmitter-receiver distance. (b) RSS distribution of 4 m transmitter-receiver distance. The different gray
scales represent different RSS values. The RSS values are almost the same in a pair of symmetrical grids about the area center. (c) RSS distribution of the Y-axis
at different node distances.

Fig. 3. Moving the receiver to different locations to extract the RSS value at
different node distances.

the other hand, the information from one single link cannot suf-
fice to locate the object accurately, because of SSP2 and SSP3.
Thus, multiple links are required to achieve high localization
accuracy.

To better understand the RSS fluctuation caused by the
diffraction, we deployed a transmitter and a receiver, and then
we moved the receiver to different locations in the 2D plane,
as shown in Fig. 3. In our experiment, the receiver was moved
from 8 m to 2 m along the X-axis. For each receiver location,
the target object was placed at individual grids and 100 RSS
measurements were collected from each grid. Fig. 4 shows the
heatmap of these RSS values under the different distances from
the transmitter and the receiver. It is obvious that the RSS varia-
tion value is quite large as the object is close to the center for all
distances. We also observe that the RSS values follows SSP2.
That is, the RSS values are kept the same for the pair of sym-
metrical grids. Then, the SSP3 also holds — the affected area
by the diffraction is limited.

We next conducted simulations on a pair of the transmitter
and receiver (i.e., a link), in order to reveal the diffraction pat-
terns and also validate the above-mentioned theoretical model.
In this simulation, the object is assumed to be a rectangle with
the width of 0.5 m and the height of 1.75 m (It is the same size
as that in experiments). We fixed the transmitter and placed the
receiver at different locations to form different node distances.
Thus, given a node distance, the monitoring area of the link
is divided into several grids with the length of 0.5 m. Then,
we calculated the diffraction patterns when the object stood
in different 2D grids according to the theoretical models in

Fig. 4. The RSS distribution of different node distances.

Section III-A (see Eq. (1) to Eq. (5)). Specifically, in this simu-
lation, the node distance is between 2 m to 8 m. The reason is
that according to our experiments, when the distance is greater
than 8 m or less than 2 m, the RSS fluctuations for this type of
sensor are too weak to distinguish the different locations of the
object (the detailed description is shown in Section IV-B3). We
also used Matlab R2010a software to implement this simula-
tion. Then we used the same setting in experiments and referred
to the object as a human. In order to observe the diffraction pat-
terns more clearly, we plot the heatmaps of RSS values obtained
with both experiment and simulation at different distances.

Fig. 5(e), Fig. 5(f), Fig. 5(g) and Fig. 5(h) show the theo-
retical RSS distribution results at node distance of 2 m, 4 m,
6 m and 8 m. In fact, we have also simulated other distances
and the RSS distribution properties are similar. As shown in
Fig. 5, we observe that the experimental RSS distributions are
similar to the theoretical values. It is obviously that the RSS
values are kept the same for the pair of symmetrical grids and
the affected area by the diffraction is limited, obviously veri-
fying SSP2 and SSP3 again. In particular, we observe that the
experimental heatmaps of RSS values are more similar to the
simulation results when the node distances are 2 m and 4 m,
respectively. That means when the distances are relatively short,
the experimental result (diffraction patterns) is much closer to



LIU et al.: RSS DISTRIBUTION-BASED PASSIVE LOCALIZATION AND ITS APPLICATION IN SENSOR NETWORKS 2887

Fig. 5. Experiment and simulation results of RSS distribution at different distances. Here, (a), (b), (c), (d) show the experimental RSS distributions (diffraction
patterns) at distance of 2 m, 4 m, 6 m and 8 m, respectively, while (e), (f), (g) and (h) are the corresponding simulation RSS distributions. In these figures, the
x-axis and the y-axis are the ID of the 2D grids and different colors represent different RSS values (diffraction patterns) in that grid. For example, when there is
no object, the RSS value keeps -63 dB and -56 dB for 4 m and 2 m distance, respectively. When the object presents, the RSS values will fluctuate.

Fig. 6. RSS Errors between the theoretical model and experimental results.

the theoretical model. If the node distance becomes larger, such
as 6 m or 8 m, the experimental heatmaps of RSS values are not
exactly the same as the simulation results. The reason is that
when the distance is larger, the RSS fluctuations caused by a
human for this type of sensor become weak and are more easily
disturbed by noise, which will lead to RSS deviation from the
theoretical (simulation) one. Nevertheless, the experiment and
simulation results are close to each other.

The RSS errors between the theoretical and experimental
results at different node distance are shown in Fig. 6. Obviously,
the error increases as the node distance increases. For example,
the average errors are 0.86 dB and 0.93 dB for 2 m and 4 m
distance, respectively, while the average errors are 4.89 dB and
4.82 dB for 6 m and 8 m, respectively. That is why the localiza-
tion and tracking accuracy of 6 m and 8 m distance is lower than
that of 2 m or 4 m (kindly see the Performance Evaluation in
Section IV and V). On the other hand, in our testbed, the RSS
values for this type of sensor nodes will have a fluctuation of
plus or minus 1 dB (or 2 dB) even without any object. That is,
the small RSS error shown in Fig. 6 is tolerable for localization.

IV. UNIT LOCALIZATION MODEL (ULM)

In this section, we put forward a novel multi-link based unit
localization model (ULM), aiming at high localization accu-
racy. The whole monitoring area is composed of a number of

ULMs, each of which is to locate the object in a sub-area by
several links.

First, ULMs should achieve a complete coverage of the
whole monitoring area. According to the disc model [30], we
can describe this issue as: how many circles are needed to
provide complete coverage in a 2D plane. It is obvious that
regardless of the size of the circle, it is unable to achieve com-
plete coverage without overlapping (as shown in Fig. 7(a)).
Thus, we consider regular polygon instead of circle to cover the
area. Suppose that the structure of the ULM is a regular polygon
with n edges. Therefore, we have three possible structures for
ULM (as shown in Fig. 7(b)) to achieve a complete coverage in
a 2D plane, which can be explained by the following theorem.
The proof of the theorem can be found in the appendix.

Theorem 1: [31] The regular same-size polygons that can
provide complete coverage are triangle, square or hexagon.

First, we will analyze the effective coverage of different
structures based on the signal symmetry properties described in
Section III — SSP3: The affected area of one single link is quite
limited. As shown in Fig. 7(c), an approximate ellipse region
represents the effective coverage of each link for detecting the
object. For the triangle structure, three ellipses can cover the
whole triangular monitoring area, leaving no monitoring blind
area. Nevertheless, for the square structure, four ellipses form
the effective detecting area, leaving one monitoring blind area
in the center of the square. Thus, if the object was standing
in this area, we would not be able to detect it. By analyzing
the performance of RSS coverage, we chose the triangle as the
ULM. In addition, by comparing square and hexagonal grids,
triangles can minimize the communication cost to cover an area
(in Fig. 7(c), triangles need fewer nodes and fewer communi-
cation links). The communication cost is proportional to the
product of the number of nodes and the inverse of the path loss.
Besides, more communication costs will lead to more energy
costs. Thus, the triangle is the best choice for the ULM.

To validate and quantify the efficiency of the triangular struc-
ture, we compared it with the square and hexagonal structures.
In this experiment, we set the side length to be 4 m for each
structure and we randomly selected 200 samples. (Details of
the experimental setup and the evaluation are the same as those
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Fig. 7. (a) Covering a 2D plane with a circle. It cannot provide complete coverage, as shown by the shadow region. (b) Possible structures of the ULM. (c) The
effective coverage of different structures.

Fig. 8. Success Ratio under different structures of ULM.

Fig. 9. The structure of the ULM.

in Section IV-B) The localization results are shown in Fig. 8.
Obviously, the triangular structure outperforms the other two
options, especially when the error tolerance is small (e.g., below
2 m). When the error tolerance increases, the gain becomes
smaller, again, indicating that the triangular structure is efficient
for high localization accuracy.

According to the above analysis, we chose the triangle struc-
ture in the ULM. Also, considering Section III-B, the effective
coverage area with the node distance of 4 m is around 3.5 m ×
2.5 m. That is, three links are able to cover the whole area of
the triangle. Thus, in this paper, each ULM is composed of
three links to locate the object in this sub-area, as shown in
Fig. 9. Next, we present the details of the model construction
with various node distances.

A. Model Construction

Fig. 9 shows an example of the ULM, where we divide
the area covered by a link into S × T grids. The proposed

Fig. 10. RSS distribution of y-lines for a 4 m ULM.

localization approach RDL uses the Bayes classifier to obtain
the object’s location, given the RSS vector from three links.

Let L denote the set of locations and R denote the set of the
RSS values. When an object moves into the monitoring region,
let r̂ = [r1, r2, r3] be the RSS vector of the three links. The
posterior probability that the object is at location l ∈ L can be
calculated by:

P(l|r̂) = P(r̂ |l)P(l)

P(r̂)
. (6)

The estimated location l is the one that maximizes the probabil-
ity P(l|r̂); i.e.,

arg max
l

P(l|r̂) = arg max
l

P(r̂ |l) P(l)

P(r̂)
. (7)

We assume that all locations are of equal probability, and thus,
P(l) is a constant and therefore Eq. (7) is equivalent to:

arg max
l

P(l|r̂) = arg max
l

P(r̂ |l). (8)

Thus, the key is to obtain the priori probability P(r̂ |l) in
Eq. (8) at the training phase. However, due to different applica-
tion requirements, the node distance can be different. It is obvi-
ous that a larger distance means more grids, since the length of
each grid is fixed. Thus, it is difficult and time-consuming to
obtain the prior probability of the RSS distribution for a large
node distance. We expedite the procedure to obtain P(r̂ |l) as
follows:

It is observed that for a given node distance, the RSS values
of each y-line have similar distributions. Taking a 4 m distance
for example, as shown in Fig. 10, the RSS is low when the
object stands at the midpoint of each y-line, while it becomes
larger as the object is further away from the midpoint, implying
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Fig. 11. (a) Localization accuracy for different numbers of links. (b) Localization accuracy for different positions. (c) Localization accuracy for different node
distances.

that the RSS distribution of all the y-lines can be considered as
the translation or stretching of the Y-axis.

For a given node distance, let f (.) represent the relation-
ship between the RSS values and the grid locations; i.e., r (i) =
f (Lg(i)), 1 ≤ i ≤ k, where Lg : {Lg(i) = (x (i), y(i))} is the set
of grid locations for the i-th y-line and r : {r (i)} is the set of RSS
values corresponding to Lg(i), and k is the number of y-lines.
Thus, the RSS transformation from the Y-axis (L MV L ) to the
i-th y-line (L(i)

V L ) can be expressed as:

f (i)
V L = α(i) fMV L + β(i), (9)

where α(i) and β(i) denote the correlation coefficients of the
transformation. Therefore, for a given distance, the priori prob-
ability of RSS distribution can be constructed by transforming
the measurements from the Y-axis to each y-line without
reliance on the testing of each grid. By doing so, we make the
whole procedure much simpler.

B. Performance Evaluation

We deployed MICAZ [29] nodes with Chipcon CC2420 and
set the radio frequency to 2.4 GHz. The transmission power is
0 dB, and the sender sends a packet periodically to the receiver.
The packet includes a byte node id, four bytes voltage, four
bytes RSS and four bytes packet number. When the receiver
receives the packet, it can derive the RSS data and then send
this record to the datacenter. All the sensors were placed at the
height of 0.95 m on the playground of Northwest University.
Because 0.95 m performs better according to our experiment.
We set the sampling period as 2 seconds to avoid severe packet
losses or communication collisions. Volunteers stood at the
given locations for a period of time and we made the measure-
ments. The RSS values of each node were recorded during the
experiment. The details of the experiments are posted online
at the following website http://219.245.18.73/lab/. (Please click
’Our Experiment -> Data’). RDL used a triangle deployment
with 4 m node distance to receive RSS at three different loca-
tions forming an RSS vector. We evaluated its localization
accuracy and compared it with the single link deployment.
Then, we evaluated whether or not it was robust and scalable
with different node distances. To better understand RDL, we
compared it with the Midpoint algorithm and the Intersection

algorithm [13] under both the sparse and dense deployments.
For a fair comparison, all three algorithms used the same
triangle deployment.

Since all node locations are known, the object’s location (xi ,
yi ) can be estimated by ULM when it moves into the monitor-
ing area. We define the error tolerance as the maximum error in
location distance that the system can tolerate to assist the eval-
uation of the localization results. If we can accept the estimated
location to be at most k − 1 grids away from the true object
location, the error tolerance equals k × l, where k is a positive
integer and greater than 1, and l is the grid length. For exam-
ple, in our experiment, l is 0.5 m, if we set k to be 3, the errors
tolerance is 1 m. Given the error tolerance, we can calculate the
percentage of the estimations that have errors below the error
tolerance, named success ratio.

1) Localization Based on Multiple Links: According to the
SSPs in Section III, a single link is insufficient for high local-
ization accuracy. To evaluate the localization accuracy of RDL,
we compare our triangular topology with the single link. We
also chose a 4 m distance and the Bayes classifier.

As shown in Fig. 11(a), the localization accuracy is signifi-
cantly improved compared with the single link, especially when
the error tolerance is less than 1 m. For instance, when the toler-
ance is 0.5 m, the improvement is 39.5% in terms of the success
ratio. The improvement becomes smaller as the error tolerance
is larger, which is explained by the success ratio becoming
significantly high when the error tolerance is very high. The
experimental result indicates that multi-link is preferred for the
high localization accuracy requirement scenario. In contrast,
considering the cost of the equipment and the limited energy
of sensor nodes, the single-link based approach is practical for
coarse-grained localization.

2) The Impact of Location Diversity: In this subsection, we
evaluated the capability of our model at different positions.
Taking ULM at a distance of 4 m for example, we tested the fol-
lowing scenarios: object positions at the border of the covered
area, the X-axis, the Y-axis and other grids. For each position,
we took 100 samples randomly and the success ratio is shown
in Fig. 11(b).

Specifically, RDL achieves a success ratio of 49.8%, 58.3%,
65.5%, and 90.9%, respectively. The success ratio at X-axis
locations is the highest. When the error tolerance is 2 m, all
positions present the similar success ratio, between 90% and
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Fig. 12. (a) Algorithm comparison at the 4 m node distance. (b) Algorithm comparison at the 2 m node distance. (c) Comparison of different techniques used in
ULM.

100%. According to our SSPs, the effective coverage area of
each link is limited. That is why the success ratio at border
positions is lower than that of the X-axis positions.

3) The Impact of Node Distance: To evaluate RDL’s scal-
ability, we ran experiments at different transmitter-receiver
distances (from 2 m to 8 m with a step size of 1 m). The aver-
age success ratios for the ULM at different node distances are
shown in Fig. 11(c). We can see that the larger the node dis-
tance, the lower the localization accuracy. This is explained by
the RSS becoming weaker as the distance increases, so that it is
more prone to errors due to noise and other interfering sources.
Meanwhile, as the node distance increases, it becomes difficult
to identify each grid using the RSS distribution. If the error tol-
erance is 0.5 m, the success ratio is 80.6%, 68.4%, 64.25%,
53.5%, 48.14%, 41.4%, and 32.55% for 2 m, 3 m, 4 m, 5 m,
6 m, 7 m and 8 m node distances, respectively. Nevertheless,
a shorter node distance indicates more nodes to be deployed.
That is, a tradeoff exists between localization accuracy and the
costs of both the equipment and communication. For exam-
ple, although the success ratio of 4 m is 16.35% lower than
that of 2 m, the deployment cost of 2 m is 50% higher than
that of 4 m. Specifically, 4 m is a good choice for the tradeoff
between accuracy and cost. Actually, according to our experi-
ments, when the distance is greater than 8 m or less than 2 m,
the RSS fluctuations for this type of sensor are too weak to dis-
tinguish the different locations of the object. Thus, the upper
and lower bounds of the node distance for this type of sensor
are 8 m and 2 m, respectively.

4) Comparison of Existing Algorithms in Both Sparse and
Dense Deployment: We compared RDL with the Midpoint
algorithm and the Intersection algorithm in [13]. For fair com-
parisons of the three algorithms, we set the node distance as
4 m, because the node distance in the Midpoint algorithm and
the Intersection algorithm has to be fixed. Given the fixed mon-
itoring region, 4 m is a relatively sparse deployment, compared
to the setup in [13]. All of the three algorithms used the same
triangle deployment to receive RSS at three different loca-
tions. All of the nodes were placed at the height of 0.95 m on
the playground at Northwest University. We set the sampling
period as 2 seconds to avoid severe packet losses or commu-
nication collisions. Volunteers stood at the given locations for
a period of time as we did the measurements. The RSS val-
ues for each node were recorded for the data center during the

experiment. We randomly selected 200 samples from the mea-
surements for each algorithm. Fig. 12(a) illustrates the average
results. We found that, in terms of the localization accuracy,
the proposed RDL outperformed both the Midpoint and the
Intersection algorithms, especially when the error tolerance was
less than 1.5m.

To better understand RDL, we compared it with the other
two algorithms under a dense deployment to see whether or not
it is applicable to both the sparse and dense deployments. Thus,
we changed the side length of the triangle to 2 m, which is
the same distance as used in [13], and the localization results
are shown in Fig. 12(b). We observe that RDL still outper-
forms the Midpoint algorithm and the Intersection algorithm.
This indicates that RDL can locate the object accurately in
both the sparse and dense deployments, in comparison to the
state-of-the-art algorithms.

5) Impact of Different Techniques: In this paper, we mainly
adopt Bayes classifier to obtain the estimated locations based
on their RSS vector from the triangle ULM. In fact, to assist
the proposed RDL, we can also use other techniques such as
fuzzy logic [32]–[35] or neural network (NN) [36]–[39] to
replace Bayes classifier to achieve satisfactory performance.
These techniques are chosen since they are classical techniques
which show good results in this kind of problems. In addi-
tion, these algorithms have similar features (e.g. classification
and prediction) as Bayes. We implemented Bayes classifier
using Matlab R2010a software according to the technique men-
tioned in Section IV-A. Fuzzy logic and neural network are
implemented using the methods in [35] and [38], respectively.

In this experiment, the scenario is an outdoor playground
using the ULM at 4 m node distance. The results of the three
techniques are shown in Fig. 12(c). It is obviously that the
performance of “Fuzzy Logic” is similar to that of “Bayes”
no matter what the error tolerance is. In some cases, “Fuzzy
Logic” even outperforms “Bayes” slightly. For example, the
success ratio of “Fuzzy Logic” is 1.14% and 1% higher than
that of “Bayes” when the error tolerance is 0.5 m and 2.5 m,
respectively. Neural network also has the similar performance.

However, both fuzzy logic and neural network require the
user to set appropriate parameters in order to achieve better
success ratio, which increases the extra complexity in appli-
cations. In contrast, the proposed method in this paper only
needs to consider the probability formula of Bayes (using the
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idea described in Section IV-A). Thus, in the following, we
adopt Bayes considering its simplicity and how to apply more
advanced fuzzy logic, neural network, or other technologies to
further improve the performance remains an important future
research issue.

V. TRACKING APPLICATION

In tracking applications, such as intrusion detection and
wildlife monitoring, we need to obtain the trajectory of the
moving object. In this section, we discuss how RDL helps
to track the moving object. In addition, we conduct extensive
experiments to show its effectiveness. We begin by presenting
some notations.

1) Contribution Links: are the links whose RSS is beyond
the threshold. Here, the threshold indicates that an object
is present in the monitoring region covered by the link.

2) Contribution Nodes: are the nodes that are associated with
the Contribution Links. We define the Contribution Node
Set as CNS for short.

3) Contribution ULM: is used to locate the object; i.e., the
effective ULM.

The moving trajectory identification includes two phases: the
offline phase and the online phase. During the offline phase, we
construct ULMs, and the possible locations (xi , yi ) can be esti-
mated by these ULMs, as discussed in Section IV. In the online
phase, when the object moves into the monitoring region, we
first eliminate the environment noise from the raw RSS and find
the Contribution Nodes. Next, we find the Contribution ULMs
and identify the moving trajectory.

A. The Moving Trajectory Identification

Our approach to moving trajectory identification is per-
formed in three steps. In the first step, we eliminate the
environment noise in the obtained RSS vector via RSS pre-
processing. In step two, we identify the effective Contribution
Nodes for precise tracking. In the last step, we identify the
moving trajectory by a series of locations.

1) Preprocessing: In outdoor (or wild field) tracking appli-
cations, the RSS value obtained from the sensor nodes is often
affected by interference due to the environment. The direct
usage of the raw RSS to identify the object’s locations will lead
to considerable location errors. As such, the RSS data should
be preprocessed before it is used.

Let [r1,L Ni , r2,L Ni , . . . , rn,L Ni ] be the RSS sequence of node
Ni during time period n, and its corresponding link is L Ni . We
call this sequence the r -sequence. If any RSS value is beyond
its threshold; i.e.,

r j,L Ni > ri , 1 ≤ j ≤ n, (10)

then the link L Ni is a possible Contribution Link and node Ni

is a possible Contribution Node. Here, ri is the RSS thresh-
old. To simplify the calculation, we also introduce b-sequence
(a binary value sequence): [b1,L Ni , b2,L Ni , . . . , bn,L Ni ]. More
specifically, if r j,L Ni is greater than ri , then b j,L Ni = 1, oth-
erwise b j,L Ni = 0. We define [N1, N2, . . . , Ng] as the initial
CNS, where 1 ≤ g ≤ n.

Fig. 13. Identifying the Contribution Nodes.

After data preprocessing, two kinds of RSS sequences occur:
the b-sequence is used to precisely identify the Contribution
Nodes, and the r -sequence is used to estimate the object’s loca-
tion. Next, we will introduce how to use the b-sequence to
identify CNS and the effective ULM.

2) Precisely Identifying the Contribution Nodes: A link
could be mistaken as a Contribution Link (based on equ. (10))
due to environment noise. Often, the RSS fluctuations will con-
tinuously appear for a period when the sensor node is located
for the trajectory of a moving object; otherwise, the RSS fluc-
tuation appears with small peaks due to the noise. To avoid the
false positive, our first step is to scan the initial CNS and sort
the identified Contribution Nodes based on the affected time
length. To that end, we observe that the number of ’1’s in the b-
sequence exactly presents the time duration. For each possible
Contribution Node, when the number of ’1’s in the b-sequence
is less than a given threshold u (it relies on different applica-
tion requirements), we consider that the RSS fluctuations come
from the environmental noise.

n∑
j=1

b j,L Ni ≤ u (11)

According to equ. (11), those nodes whose number of ’1’s
in their b-sequence is less than u are then removed from
the initial CNS. As such, we obtain the updated CNS
[N1, . . . , Ni , . . . , Nk], k ≤ g.

Fig. 13 shows an example. When an object moves into the
monitoring region, the initial CNS can be identified based on
Equ. (10). The nodes in the large dotted circle area are the initial
CNS, while the RSS fluctuations caused by the moving object
exist in a very limited region de facto. Equ. (11) allows us to
have a more precise CNS (shown within the small dotted circle
area), as well as effective ULMs.

3) Trajectory Identification: After mitigating the effect of
environment noise, we next focus on tracking the moving object
only. After all the nodes in CNS have been sorted descendingly
by the time duration, we start from node N1 and scan all the
other nodes in the CNS. If nodes such as N j and Ns exist, a
triangle can be constructed with node Ni , where i < j, s ≤ k.
These three nodes construct a ULM and we mark the nodes as
the effective Contribution Nodes. The process is repeated, until
all nodes are marked.

For each Contribution ULM, compared with the b-sequences
of nodes in the triangle, we choose the node with the b-sequence
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Fig. 14. Deployment of the sensor nodes.

Fig. 15. Estimated trajectory 1 at a distance of 4 m.

having the largest number of ’1’ as the corresponding node of r3
in the RSS vector r̂ = [r1, r2, r3]. By doing so, the correspond-
ing r -sequences of the three nodes constitutes the RSS vector
r̂ . Then, we divide r̂ into several pieces, and each piece con-
tains the RSS values with a fixed window size w. Then we can
obtain the object’s location at time w using the average RSS of
the piece, based on ULM. Finally, by combining the results of
each piece, we have the trajectory during period n.

B. Experiment Evaluation

1) Experiment Setup: We deployed MICAZ [29] nodes on
the playground of Northwest University. As shown in Fig. 14,
three regions are present with a total size of 28 m × 25 m. The
experiments were repeated at various node distances ranging
from 4 m to 8 m. More specifically, 14 nodes were sparsely
distributed in the first region and used to construct two regular
hexagons with a distance of 4 m between neighboring nodes.
For the second region, we deployed 6 nodes, which were used
to construct 1 regular hexagon at a distance of 8 m. In the last
region, we also deployed 6 nodes at a distance of 6 m. We
divided each monitoring region into several grids and denoted
the horizontal direction as the x-axis, and the vertical direc-
tion as the y-axis. The X coordinates are: A, B, C, . . . from
right to left, while Y coordinates are: 1, 2, 3, . . . from bot-
tom to top. Thus, the coordinate of each grid is A1, A2, . . ..
Our goal is to evaluate the tracking performance with different
moving trajectories and at different node distances. We set the
sampling period as 2 seconds to avoid severe packet losses or
communication collisions. We asked volunteers to walk through
the sensor node array with various trajectories. The RSS values
of each node were recorded during the experiment.

2) Results for the 4 m Node Distance: In Figs. 15 and 16,
the object moves along the two red curves and the moving speed
is around 0.93 m/s. Based on step 2 of the moving trajectory

Fig. 16. Estimated trajectory 2 at a distance of 4 m.

TABLE I
LOCALIZATION RESULTS FOR TRAJECTORY 1

TABLE II
LOCALIZATION RESULTS FOR TRAJECTORY 2

TABLE III
LOCALIZATION RESULTS FOR ULM (A) 6M NODE DISTANCE

(B) 8M NODE DISTANCE

identification in Section V-A2, we find five effective ULMs for
trajectory 1. The localization results are shown in Table I and in
Fig. 15. The trajectory is obtained by connecting all of the esti-
mated locations. Note that the estimated trajectory is close to
the ground truth. Interestingly, we find that the estimated loca-
tions are sparse, especially between node 12 and node 13. This
is explained by the object’s moving speed, which is faster than
the sampling frequency of the nodes.

Table II shows the results when the object moves along tra-
jectory 2. In this case, we find four effective ULMs to estimate
the object’s locations. Interestingly, two coordinates are pos-
sible for the effective ULMs 3 and 4. This happens because
the object does not have a uniform motion. Specifically, when
the object moves into these positions, its speed is slow, which
leads to a long time interference. Thus, we can obtain two dif-
ferent location coordinates. Fig. 16 shows the estimated moving
trajectory.

3) Results of 6 m/8 m Node Distance: In this subsection,
the object moves along the boundary of the monitoring region
and the moving speed is about 0.93 m/s. We find a total of five
effective ULMs and Table III(a) shows the estimated object’s
locations at different times. We observe that effective ULM 1
involves two location coordinates, similar to Section V-B2. The
estimated trajectory is shown in Fig. 17(a), and some packet
loss also takes place. The object is moving fast when it is close
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Fig. 17. (a) The estimated trajectory at a distance of 6 m. (b) the estimated
trajectory at a distance of 8 m.

Fig. 18. (a) Tracking error for different node distances. (b) CDF of tracking
error for different node distances.

to the link for node 34 and node 35. This experiment indicates
that our method can be applied to a 6 m node distance as well.

Next, we choose the node distance of 8 m. Table III(b) shows
the localization results for five effective ULMs and the esti-
mated trajectory is shown in Fig. 17(b). We observe that the
localization accuracy is low with a long node distance. This is
explained by the number of grids that become larger as the node
distance becomes longer. In addition, no significant differences
in RSS values are seen among the different grids, which could
lead to a reduced localization accuracy.

4) Discussion: We define average tracking error as the
average error between the estimated locations and the real loca-
tions for the whole trajectory. We ran further experiments at
distances of 1 m to 8 m. Fig. 18(a) shows the average track-
ing errors at different node distances. The tracking error was
found to increase as the node distance becomes larger. More
specifically, when the node distance is 4 m, the average, mini-
mum, and maximum tracking errors are 0.59 m, 0.5 m and 1 m,
respectively. When the node distance is 8 m, however, the track-
ing errors are 1.14 m, 0.5 m, 1.5 m, respectively. Furthermore,
Fig. 18(b) plots the comparison of three different node dis-
tances. Apparently, the tracking errors at 4 m and 6 m are lower
than those at 8 m. This also confirms that the tracking error
for RDL increases as the node distance increases. However, our
model can maintain sufficient accuracy on average for tracking
applications.

VI. CONCLUSIONS AND FUTURE WORK

In this paper, we proposed RDL as a simple yet effec-
tive approach for RSS-based passive object localization. We
analyzed the RSS distribution properties at a variety of node
distances, using intensive measurements and diffraction theory.
We also found that the structure of the triangle is efficient for
low-cost localization, and we constructed a unit localization

model for high localization accuracy. In addition, we showed
a tracking application to identify the trajectory of the mov-
ing object. Extensive experiments have shown that RDL can
improve the localization accuracy by more than 50% when
the error tolerance is less than 1.5 m, compared to existing
approaches. The estimated trajectory is close to the ground
truth.

RDL can be applied to different node distances; however,
it needs to obtain the priori probability P(r̂ |l) at each dis-
tance. Therefore, can we transfer the RSS distribution of L m
m to L ′ m, with the aim of simplifying the procedure? Besides,
given the other non-deterministic factors in an outdoor environ-
ment with many wireless sensor nodes being deployed, more
experimental and analytical works are needed for the localiza-
tion, especially in dynamic and complex environments where
the channel conditions might change. In addition, identifying
and localizing multiple objects is an interesting and challeng-
ing research topic. As our focus is to solve passive localization
in outdoor situations, our experiments took place in the play-
ground of Northwest University, which does not have a rich
multi-path environment. Thus, we only need to consider diffrac-
tion. To evaluate the feasibility of the proposed RDL method in
the indoor environment, the multi-path effect needs to be fur-
ther investigated. Furthermore, the data gathering strategy [40]
should be also considered when using in large-scale networks.
We leave these interesting issues for future studies.

APPENDIX A

Proof: The angle sum of an arbitrary polygon can be com-
puted by:

(n − 2) × 180, (12)

where n is the number of the edges. Thus, the size of each
angle is:

((n − 2) × 180)/n. (13)

To provide complete coverage in the whole monitoring area,
taking a vertex of an arbitrary polygon as the center, the total
number M of polygons, which are needed to cover the 2D
plane, is:

M = 360
(n−2)×180

n

= 2n

n − 2
. (14)

Here, the range of n is 3, 4, 5, 6, . . .. Obviously, when n is 3,
the total number of polygons is 6. When n is 4 and 6, the total
number is 4 and 3, respectively. When n equals 5, the total num-
ber is not a positive integer. When n is greater than 6, Eq. (14)
can be transformed into the following:

M = 2n

n − 2
= 2

1 − 2
n

. (15)

We observe that M decreases as n increases. Thus, when n is
greater than 6, no proper positive integer solution exists for
M . Therefore, the possible polygon is a triangle, square, or
hexagon. �
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