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Abstract

Wireless sensor networks (WSNs) are effective for locatingand tracking people and objects in various

industrial environments. Since energy consumption is critical to prolonging the lifespan of WSNs, we

propose anenergy-efficientLOcalization andTracking (eLOT) system, using low-cost and portable hard-

ware to enable highly accurate tracking of targets. Variousfingerprint-based approaches for localization

and tracking are implemented in eLOT. In order to achieve high energy efficiency, a network-level scheme

coordinating collision and interference is proposed. On the other hand, based on the location information,

mobile devices in eLOT can quickly associate with the specific channel in a given area, while saving

energy through avoiding unnecessary transmission. Finally, a platform based on TI CC2530 and the Linux

operating system is built to demonstrate the effectivenessof our proposed scheme in terms of localization

accuracy and energy efficiency.

Index Terms– Energy-efficiency, Localization, ZigBee.
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I. INTRODUCTION

Location-based wireless networks are considered as one of the main technological innovations in current

industrial services, which can provide high reliability and efficiency through accurately locating and

tracking people and objects. For example, there are numerous applications of location-based services

(LBSs) in hospitals and retail outlets, which help staff andadministrators better deliver care and manage

costs [1] [2]. The ability of tracking the location of a subject in real time gives human operators the

ability to effectively manage situations, tackle safety problems, increase efficiency, and thereby reduce

costs while improving outcomes.

Traditional localization and tracking techniques such as GPS, cellular and Wi-Fi do not work well in

many scenarios, such as high rises, underground, or disaster zones where signals from mobile infrastructure

or satellites cannot be received. Neither their accuracy nor the physical size meets the demand of recent

industrial applications, which aim to be highly precise in all environments even with devices of tiny

sizes. Meanwhile, wireless sensor networks (WSNs) have gained much attention recently, and been in

widespread use in various industrial applications including LBSs [3] [4]. Compared with other wireless

technologies, the WSN is not only of low power consumption and complexity, but also supports a great

number of nodes in a wide coverage area. Therefore, WSN can beapplied to both indoor and outdoor

positioning in areas of interest. A large number of studies on localization in WSNs have been reported

in the literature in recent years.

Usually a mobile node associated to an object in a WSN is a small device powered by battery with a

limited energy budget. The battery is often disposable and inconvenient for replacement. Meanwhile, it

is expected to work normally for a long enough lifetime, e.g., several months or even years. Therefore,

energy-efficient techniques to reduce energy consumption are essential for wireless positioning and tracking

systems.

In this paper, we develop anenergy-efficientLOcalization andTracking (eLOT) system, which uses

low-cost, portable hardware to enable highly accurate tracking of targets. In order to provide ubiquitous

services both indoor and outdoor, the fingerprint localization and tracking approach with the Adaptive

WeightedK-Nearest Neighbour (AWKNN) is proposed and implemented in eLOT. Different from the
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weightedK-nearest neighbor (WKNN), the number of reference locations is adjustable in the AWKNN

according to the surrounding environment in order to improve localization accuracy. In the eLOT system,

battery recharging is assumed to be available at anchor nodes so that much more attention is paid to

reducing the energy consumption at mobile nodes. Multi-radio modules may be installed at anchor nodes.

One radio channel is reserved only for the wireless backhaultransmission, while another one is used for

the transmission between the anchor nodes and their servingmobile nodes. By this way, interference and

collision can be reduced or eliminated through channel allocation and access schemes specially designed

for the eLOT system. Then, avoiding unnecessary transmission can save the energy consumption of mobile

nodes. Moreover, an adaptive sounding scheme is applied at the mobile node, when it moves around the

area in study. The proposed schemes can achieve an elegant tradeoff between energy efficiency and

localization accuracy.

Moreover, we implement a demonstration platform based on TICC2530 chips for indoor and outdoor

positioning, and conduct extensive experimental studies in practical environments to verify our proposed

schemes. Results show that our system attain good performances in the sense of both positioning accuracy

and energy consumption.

The main contributions of our work are summarized as follows:

• An AWKNN algorithm is proposed and implemented in the eLOT system. In AWKNN, the number

of reference locations can be adaptively changed during thelocalization process in order to achieve

the high localization accuracy;

• From the network viewpoint, channel allocation and access schemes are designed for improving

energy efficiency without the loss of localization accuracy. Meanwhile, an adaptive sounding scheme

is also used in the mobile node to further reduce energy consumption; and

• Field trials are conducted with a hardware platform to demonstrate the effectiveness of the designs

of eLOT.

The remainder of this paper is structured as follows. Section II surveys the state-of-art. Section III

presents an overview of the proposed eLOT system. In SectionIV, the energy-efficient networking schemes

for eLOT is described. Then, Section V presents the energy-efficient localization and tracking schemes.
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Sections VI details the hardware and software implementation of an eLOT platform. Section VII discusses

the experiment results, while Section VIII concludes the paper.

II. RELATED WORK

Most existing localization schemes can be broadly categorized into range-free and range-based ap-

proaches. Range-free approaches use metrics such as connectivity or hop counts to landmarks, or a radio

map of the environment in study, and then choose the one best matching the reference as the estimated

position. Generally, there exist two types of matching schemes, i.e., deterministic and probabilistic.

Deterministic matching schemes compare the scalar values of some measures, e.g., the received signal

strength (RSS), between the real-time values and those stored in the database, and then select the location

based upon, e.g., theK-Nearest Neighbour (KNN), and WeightedK-Nearest Neighbour (WKNN) [5].

In probabilistic matching schemes, the location with the highest probability in the radio map is chosen,

e.g., the Minimum Mean Square Error (MMSE) [6]. Many experiments have demonstrated that such

approaches offer good accuracy for both indoor and outdoor environments [7] [8]. The precision and

accuracy of positioning can be improved if advanced matching is applied using techniques such as neural

networks [9]. However, constructing a reliable reference such as a high quality RSS fingerprint map

is an essential part of the system for these approaches [10].Many efforts have been put forward to

reduce the cost and complexity of building the reference [11]. Different from range-free techniques,

range-based approaches generally calculate the distance based on the measured characteristics of the

received signals such as the RSS, direction of arrival (DOA), and so on [12]. Location accuracy depends

heavily on the distance discrepancy between the measured and actual distances, which is inevitable due

to radio propagation [13]. To reduce the effect of such discrepancy, a heuristic localization algorithm,

called Probability Torus Localization (PTL), was developed to compute the position of a mobile node

statistically [14], in which a large number of nodes and excessive additional hardware are required. Then,

introducing a secondary antenna to the mobile node may be another effective way to improve localization

accuracy without the use of expensive hardware [15]. Also, acooperative network architecture is proposed

for improving the target detection and tracking [16] [17]. In addition, the approach to deploy the anchor

nodes for localization is investigated in [18]. However, nearly all the studies in the literatures focus on

localization accuracy as the only key factor for achieving promising localization solutions.
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On the other hand, there already exists substantial research related to energy-efficient techniques for

WSNs [19] [20] [21]. The methods in relation to energy savings in the WSN can be roughly classified into

two types, i.e., device level and network level. The former pays attention to nodes including hardware and

configuration, whereas the latter focuses mainly on the choice of communication methods and protocols for

minimizing energy consumption. However, these methods deal with traditional sensor tracking problems

in WSNs, whose characteristics are far different from thoseof location-based applications for industrial

uses with wireless infrastructure [22]. For example, thereare not too many mobile nodes in a serving

area, where anchor nodes can be deployed and always powered such as in buildings.

The straightforward way to improve the energy efficiency of alocalization system is to use low-power

radio node instead of the WiFi module [23] [24]. Moreover, the power consumption of a WSN node can

be minimized either by reducing the hardware power assumption or by decreasing the hardware active

time at the protocol level [25] [26]. Also, context information can be exploited to reduce the frequency

of updating location information to conserve energy while maintaining certain degree of accuracy [27].

However, the performance of such schemes depends highly on the accuracy and timeliness of the context

information, which is difficult to obtain in practical systems. Meanwhile, theoretical work on the tradeoff

between the energy required for localization and the resulting accuracy of localization is also carried out.

In [28], both the centralized and distributed implementations of the range-based localization schemes are

discussed, and a linear relationship between energy efficiency and localization accuracy is established under

some simplified assumptions. A measure to characterize the energy efficiency of localization algorithms

in wireless networks is also presented in [29].

Although energy-efficient localization has been active research subbject, there is still little work on

designing localization systems with both high energy efficiency and good localization accuracy. Further-

more, the location information of mobile nodes has not been well exploited to assist in the energy-efficient

design. Therefore, the proposed eLOT system can address these aforementioned issues.

III. SYSTEM OVERVIEW

As shown in Fig. 1, the eLOT system consists of a wireless network, a gateway and a server. With

the aid of the gateway, the information collected by the wireless network can be forwarded to the server,
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Fig. 1. Illustration on the proposed eLOT system.

which is responsible for positioning and tracking. These subsystems will be detailed in the following.

A. Wireless Network

Since low power consumption is one of main focuses, the wireless network with ZigBee based on the

IEEE 802.15.4 standard is chosen for the eLOT system. A ZigBee device can transmit data over a long

distance by passing data through a mesh network of intermediate devices to reach other distant devices.

There are three kinds of nodes existing in wireless networks,

• Mobile node (MN):

Mobile nodes (MNs), as position and tracking targets, are equipped with a single radio. They send

beacon signals periodically to surrounding anchor nodes when moving around their serving area.

MNs may sleep between beacons, thus extending their batterylife. The duty cycle can be adaptively

configured according to application requirements.

• Anchor node (AN):

Anchor nodes (ANs) are deployed uniformly in the serving area. The location information of an

anchor node is stored at the server. In order to grant mobile nodes timely access to the network at

anytime, anchor nodes do not fall sleep. This is easy in the indoor environment, e.g., plugging in

a wall power outlet. On the other hand, the solar panel can be used for recharging anchor nodes

deployed outdoor. The entire serving area is divided into several zones. The ANs in the same zone

form a cluster, in which one of them is chosen as the head anchor node (HAN) according to an
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appropriate criterion. Clustering can improve scalability and simplify routing protocols, and thus

increase energy efficiency. Multiple radios are installed in the HAN, which can work on multiple

channels simultaneously. For a common AN, a single radio is enough to maintain communications

with others. The RSS data from the MNs in the zone are continuously collected by the ANs and

forwarded to a sink node with single-hope or multi-hop transmission.

• Sink node (SN):

There exists only a single sink node (SN) in a wireless network. The SN collects data from all the

HANs deployed in the field, and sends data to the server. Usually, it is installed together with the

gateway for the convenience of deployment.

B. Gateway

The gateway in eLOT is a device that can support both data transmission for both Internet access via a

WLAN or LAN interface, and remote MNs via the Zigbee network.This can be implemented on either

an ARM board or a computer. A gateway facilitates communications between the nodes and server.

C. Server

All RSS information is collected and stored at the server, which is responsible for the localization and

tracking process. In order to fulfil its duties, the server isequipped with several key processing modules,

e.g., the networking, localization and tracking modules. Meanwhile, the RSS database is constructed and

maintained, which works together with the other modules. All localization and tracking functions are

implemented at the server, while the mobile nodes only report the RSS data. With the centralized control,

one can conveniently upgrade the localization and trackingscheme in eLOT if needed.

IV. ENERGY-EFFICIENT NETWORKING SCHEMES

To enable high energy-efficient wireless networks, one needs to consider from both sensor network and

device aspects. In eLOT, channel allocation schemes are employed to eliminate the interference between

zones, while coordinated backoff schemes are used for alleviating the intra-zone interference. On the other

hand, based on location information, mobile nodes in eLOT can quickly associate with or switch to a

zone-specific channel, while saving energy by reducing unnecessary transmissions.
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A. Channel Allocation Scheme

In the eLOT system, there are usually three types of links as illustrated in Fig. 1, namely, the MN-

to-AN, AN-to-HAN, and HAN-to-HAN links. Since the wirelessbackhaul link, i.e., the HAN-to-HAN

link, carries large amounts of RSS data, its fast and reliable transmission is essential for achieving good

system performance. Thanks to the multi-radio configuration at the HAN, it is possible for the eLOT

system to allocate a dedicated channel to this link, e.g.,Channel21, to guarantee the QoS performance of

the backhaul transmission. Another two types of links, i.e., the MN-to-AN and AN-to-HAN links, share

the rest of available channels. Then, collision and interference become challenging issues. Therefore, it

is essential to first design efficient channel allocation schemes in such networks.

As mentioned in Section III, the serving area is geographically divided into several zones, each of

which is allocated one of the available channels. When an MN roams into a given zone, it is then allowed

to utilize the channel allocated to the new zone. Different channels can be used in neighboring zones, e.g.,

Channel13 in Zone1 andChannel12 in Zone2 as shown in Fig. 1. The same channel can be reused by

different zones, only when these zones are separated by a minimum distance. By this way, the collision

and interference between the MN-to-AN links in the neighbouring zones can be completely eliminated.

Moreover, in order to reduce the possible interference between the AN-to-HAN links in the same zone,

a coordinated backoff scheme in the time domain is proposed for the eLOT system. When an MN sends a

beacon signal, the nearbyNa ANs in the same zone receive it almost instantaneously due togeographical

proximity. If each AN forwards its received RSS informationimmediately, serious collision may occur.

So, it is better for the ANs to wait for a while, i.e., the backoff period, before transmission. Firstly,

each AN generates a random number using a common pseudo-random number generator, which is used

for calculating a random period, i.e.,Ti, 1 ≤ i ≤ Na. On the other hand, the time window, i.e.,Tw,

is pre-defined by the system and equally divided into severalfixed time slots. Then, theith AN starts

transmitting signals at the moment ofTi+iTw/Na. Fig. 2 illustrates an example of the coordinated backoff

scheme withNa = 3 ANs.

In the above centralized schemes, channel and time slot allocation for the entire network is managed

by the networking module at the server, which is responsiblefor coordinating all the channels.
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B. Location-based Channel Access Scheme

When there are a large number of MNs in the system, serious collision between beacon signals may

take place, if all the MNs work on the same channel. As mentioned above, different channels to the MNs

are assigned in different zones, and the timely switch is required when the MNs roam cross the border.

The details of a location-based channel access and switch scheme are discussed as follows.

• Initialization:

All the HANs can be configured through a dedicated channel by the server, e.g.,Channel21. Different

zones correspond to different channels. As a result, in a given zone, the HAN sets one of its radio

to the channel according to the commands received from the dedicated channel.

• Channel Access:

After entering its serving area, an MN scans all the channelsfor AN discovery, e.g., fromChannel

11 toChannel26 exceptChannel21. If the MN finds an active channel in a given zone and associate

itself successfully, the beacon signal is transmitted either periodically or driven by events.

• Channel Switching:

All the RSS data are forwarded to the server through the SN. The channel switching function in the

networking module keeps checking the number of the ANs successfully receiving the beacon signal

from a given MN, and the corresponding RSS values of the received signal. If the number of the ANs
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with a strong enough RSS is less than a specific threshold, thedecision of channel switching has

to be made. Assume that the position history information of this MN is available in the database, a

candidate destination channel will be selected according to the pre-defined channel allocation scheme

in the neighboring zone the MN may move in. Then, the identification of the candidate channel is

sent through the dedicate channel to the responsible HAN. Next, the HAN transfers this information

to the MN, which may re-establish a new connection if needed.

The detailed algorithm is presented in Algorithm 1.

Algorithm 1 Location-based Channel Access and Switch Scheme
Step 0: Head anchor node initialization.

Head-Anchor-Node’s upradio on Channel
HANn.up radio=CH21

Head-Anchor-Node’s downradio on the channel according to the commands received fromthe
dedicated channel.

HANn.down radio=CHx

Step 1: Anchor node initialization.
loop n = 1... for eachANk

Anchor-Node’s downradio’s channel depends on area
loop CH11 to CH26 exceptCH21

if CHn in Zone, then
ANn.down radio=CHn.

end if
end loop

end loop
Step 2: Mobile node: channel access.

loop k = 1... for eachMNk

loop CH11 to CH26 exceptCH21

if Access Successful,then
break

end if
end loop

end loop
Step 3: Mobile node: channel switch.

loop k = 1... for eachMNk

if MNk receive data,then
if MNk on the border of an area,then
MNk.channel=MNk.receive data [channel].

else
MNk sends data

end if
end loop
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V. LOCALIZATION AND TRACKING SCHEMES

This section discusses the techniques for localization andtracking schemes applied in eLOT. The

process consists of three steps, i.e., the offline phase for radio map generation, online localization phase

and tracking phase. In the offline phase, a fingerprint database of the area under study is constructed

which includes all necessary radio parameters such as the ANidentifications (IDs), the RSS values and so

on. Then, in the online phase, an MN sends the beacon signal tothe nearby ANs, which can estimate the

MN’s location through matching the received RSS values withthose fingerprint entries in the database.

This can be achieved by implementing various localization algorithms. in the last phase, the MN is tracked

when it moves in the serving area.

Without loss of generality, the two-dimensional spaceS is used to represent the serving area in this

paper. Assume that there areN ANs deployed for localization. Thus, corresponding to one given location,

an element in this space is aN-dimensional vector whose entries are the RSS samples received at the

ANs, i.e., R = [r1, r2, · · · , rN ]
T . Therefore, the problem is to find the locationS = (x, y) ∈ S that

maximizes the probability ofP (S|R) given an RSS vectorR.

A. Offline Radio Map Generation

In the offline phase, the ANs deployed in the reference pointsmeasure the RSS of the received signal

from the test MN moving around. The entire area under study islogically divided intoL square regions.

The choice of the grid spacing has a significant effect on the performance of localization. A large grid

spacing results in low localization accuracy, while a smallone leads to an excessive amount of time

in collecting an adequate number of RSS samples for the database. At each grid, a set of continuous

samples are measured and averaged to generate a raw fingerprint. Moreover, due to the unstable wireless

signal propagation effect, noise-corrupted samples may lead to an unreliable fingerprint, which needs to be

detected and filtered out. So, the samples with the maximum bias are first removed. Then, the fingerprint

is calculated by averaging the remaining samples and storedin the database. Although this method is not

necessarily the optimum approach, it is employed by eLOT dueto its simplicity.

The database consists of a set of fingerprints along with their corresponding grid information, i.e.,

Ω = {(S̄i, R̄i)|i = 1, 2, · · · , L}, (1)
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where S̄i = (xi, yi) is the test location of theith grid with the coordinates ofxi and yi, and R̄i is the

RSS set received at the ANs, i.e.,

R̄i = [ri,1, ri,2, · · · , ri,L]
T , i = 1, 2, · · · , L, (2)

whereri,j is the RSS at thejth ANs from the test MN located in theith grid.

B. Online Localization

In the online phase, an interested MN at locationS̃ sends the beacon signal, and its RSS is measured

by the surrounding ANs as̃R. These information is forwarded to the localization moduleat the server in

time. Instead of giving the most probable location, theK closest matches of known locations in signal

space from the previously-built database are chosen for estimation in eLoT for the sake of implementation.

The location estimate can be expressed in a simple mathematical formulation as follows:

Ŝ =
[
w1, w2, · · · , wL

]

︸ ︷︷ ︸

W







a1 0 · · · 0
0 a2 · · · 0

0 0
. . . 0

0 · · · 0 aL







︸ ︷︷ ︸

A







S̄1

S̄2
...
S̄L







︸ ︷︷ ︸

S̄

(3)

where S̄ = [S̄1, S̄2, · · · , S̄L]
T represents the reference location, and the diagonal matrixA contains the

selection coefficients describing which references are chosen. There are three deterministic schemes are

implemented in eLOT as follows, i.e.,

1) K-Nearest Neighbour (KNN):Let A(i) = [0, · · · , ai, · · · , 0] represent theith row of A, which

generates theith component for position estimation. The KNN deterministic localization algorithms

compute the distance between the measuredR̃ at the unknown location and the stored fingerprintR̄i, i.e.,

Di = ||R̄i − R̃||. (4)

Then, theK reference locations with the smallest distances are chosen, i.e.,

ai =

{
1, ∀i ∈ Ω

0, otherwise
(5)

whereΩ is the position set with theK minimum Euclidean distance. Correspondingly, the weight matrix

is simply given by

W =
1

K
I (6)
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Therefore, the average of theK locations is chosen as the estimated result, i.e.,

Ŝ =
1

K

L∑

i=1,i∈Ω

S̄i. (7)

2) WeightedK-Nearest Neighbour (WKNN):Different from KNN, different weights are assigned to

the K chosen reference locations in the WKNN algorithm. It is clear that how to choose the weights

may significantly affect the localization performances. For example, the Euclidean distance between the

chosen reference location and the unknown location can be taken as the corresponding weight, i.e.,

w
′

i =

{
D−1

i , ∀i ∈ Ω

0, otherwise
(8)

Then, these weights are normalized as

wi =
w

′

i
∑L

j=1,w
′

j

, i = 1, 2, · · · , L. (9)

Thus,

Ŝ =
L∑

i=1,i∈Ω

wiS̄i. (10)

3) Adaptive WeightedK-Nearest Neighbour (AWKNN):Besides the weights, it is also very important to

choose a proper number of reference locations, i.e.,K, which depends not only on the surrounding wireless

channel characteristics but also on geographical featuresof the area under consideration. Therefore,

instead of choosing a fixed value, we propose to adjust the value ofK in accordance with the changing

environments.

• Step 1: A thresholdΓ(t), t = 0 for selecting the estimated distances is initialized firstly.

• Step 2: Then, all the locations with the distance less thanΓ(t) are chosen to be the candidate reference

locations, i.e.,

ai =

{
1, if Di ≤ Γ(t)
0, otherwise

(11)

Generally, the higher the threshold, the more reference locations are to be selected, and vice versa.

Further adjustment is needed to ensure the effectiveness ofthe threshold setting as well as the

appropriateness of the number of the reference locations.

• Step 3: The number of selected reference locations has to be checked, i.e.,

NR =
L∑

i=1

ai. (12)
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If NR ≤ 3, the number of reference locations is too small to produce valid localization results. Then,

the threshold has to be increased by the step of∆, i.e.,

Γ(t+ 1) = Γ(t) + ∆. (13)

Next, the procedure goes toStep 2. Otherwise, the following steps are executed.

• Step 4: The distances of theNR selected locations are sorted in the ascending order, i.e.,D̃1 <

D̃2 · · · < D̃NR
. Then, the ratio between the largest and smallest distancesis calculated as

ε = D̃NR
/D̃1. (14)

The threshold is adjusted by

Γ(t+ 1) =







Γ(t)−∆, if ε > ΘL

Γ(t) + ∆, if ε < ΘS

Γ(t), otherwise
. (15)

whereΘL andΘS are the control parameters.

Step 2 throughStep 4 are repeated as necessary until no change is needed for the threshold, which

means that a suitableK is found. When the iterative procedure is finished, the estimated location result

can be calculated as the WKNN algorithm.

C. Tracking

One of the most effective ways to improve the energy efficiency of an MN is to set its radio transceiver

into the sleep mode as much as possible. However, since the system has to track the movement of the

MN in a timely and accurate manner, it is necessary to design asuitable tracking scheme to strike a good

balance between energy efficiency and localization accuracy.

When an MN moves within the area under study, its radio switches on and off periodically, only

sending the beacon signal when necessary. An adaptive sounding scheme is proposed to improve the

energy efficiency of the MNs being tracked. When the MNs are powered on, the default value of the duty

cycle for sounding is used for transmission. Then, there aretwo conditions, in which the configuration of

the sounding cycle needs to be adjusted, i.e.,

• Mobility event driven:
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TABLE I
PARAMETERS FOR ADJUSTING THE DUTY CYCLE FOR SOUNDING.

Speed range Duty cycle

< 0.1 m/s > 2 s

0.1 ∼ 0.5 m/s 2 s

0.5 ∼ 1 m/s 1 s

1 ∼ 1.5 m/s 0.5 s

> 1.5 m/s 0.2 s

When the tracking module at the server detects the mobility variance is larger or smaller than the

specified threshold, it may send the adjustment command to the MNs through the ANs. In principle,

the smaller the sounding cycle is, the higher the speed is, and vice versa. However, there is no need

to adjust the sounding cycle continuously or too frequently. As it is known, speed measurement

errors often occur due to the varying wireless signals. As unwise adjustment may lead to energy

over-consumption, it is better to select a proper duty cycleaccording to a range of speeds instead of

a specific value. After careful field measurements, the recommended adjustment threshold is given

in Table I. Moreover, only after detecting multiple resultswith the required speed, the adjustment

command is sent to the specific MN.

• Location event driven:

When the MN moves across the edge of the zone, its sounding cycle increases after receiving the

downlink command from the server. Then, it may quickly receive the channel switching message

when at the zone edge.

The detailed algorithm of the location-aware tracking scheme is presented in Algorithm 2.

VI. I MPLEMENTATION

The purpose of our implementation is to demonstrate the effectiveness of the proposed schemes in

terms of energy efficiency and localization accuracy. This section presents the details of both hardware

and software implementations of eLOT.
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Algorithm 2 Location-aware Tracking Scheme
Step 0: Mobile-Node’s duty-cycle configuration initialization.

MNn.transmit period=1s
MNn.receive period=3s

Step 1: Mobile-Node’s transmit period adjustment.
if MNn.speed increased

Decrease MNn.transmit period
end if
if MNn.speed decreased

Increase MNn.transmit period
end if

Step 2: Mobile-Node’s recieveperiod adjustment.
if MNn.position=Edge of an Area

Mobile-Node is on the edge of an area
Decrease MNn.receive period

end if
if MNn.position=Center of an Area

Mobile-Node is in the center of an area
Increase MNn.receive period

end if

A. Hardware Platform

CC2530 is chosen to be the core chipset to implement the wireless communications module on a self-

designed PCB. It is TI’s second generation ZigBee/ IEEE 802.15.4 RF System-on-Chip (SoC) for the 2.4

GHz unlicensed ISM band [30]. We only use 16 channels at 2.4 GHz in eLOT, i.e., fromChannel11 to

Channel26, as defined in IEEE 802.15.4 [31].

This chip enables industrial grade applications by offering good selectivity/co-existence, excellent link

budget, and low voltage operation. It enables robust network nodes to be built with very low total bill-of-

material costs. CC2530 combines the excellent performanceof a leading RF transceiver with an industry-

standard enhanced 8051 MCU, in-system programmable flash memory, 8-KB RAM, and many other

powerful features. CC2530 can be equipped with TI standard compatibility or a proprietary network

protocol stack, e.g., Z-Stack and SimpliciTI, to streamline the development process.

However, the output power of the RF transmitter of CC2530 is only 4.5 dBm with a receiver sensitivity

of -97 dBm. Thus it is unable to satisfy the requirements of localization applications. As a result, CC2591

is employed in our module as a range extender for the 2.4-GHz RF transceivers, which increases the link

budget by providing a power amplifier (PA) for higher output power and a low noise amplifier (LNA) for
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Fig. 3. Illustration of the multi-radio wireless communications module.

improved receiver sensitivity. Then, the maximum transmitpower is increased to 20 dBm. When using

CC2530 with CC2591, duty cycling or back-off is needed for the highest IEEE 802.15.4 channel, i.e.,

Channel 26, so as to comply with the FCC with regards to the maximum recommended output power.

In eLOT, most nodes are installed with a single-radio wireless communications module, e.g., the mobile

nodes, sink node and common anchor nodes. For fast and efficient data forwarding, the head anchor nodes

are equipped with a multi-radio wireless communication module, which is implemented by connecting

two single-radio modules through a serial port as shown in Fig. 3.

B. Software Platform

All the software modules are programmed and run in the Linux operation systems. Besides the key

modules such as the networking, localization and track modules, there are also other operation and

maintenance modules in eLOT, which facilitate control and demonstration.

1) Interface Module:This module consists of two parts, i.e., the South-Bound Interface and North-

Bound Interface. Due to the centralized control mechanism in eLOT, the server needs to frequently

exchange information with the underlying infrastructure via the South-Bound Interface, including various

RSS and network status data. As a result, the socket protocolis used to implement the South-Bound

Interface to ensure effective and reliable communications. On the other hand, the North-Bound Interface
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provides communications between the database and the browsers accessed by remote users, which is

implemented by the WebSocket protocol. In the WebSocket protocol, messages are allowed to be passed

back and forth maintaining an open connection. Hence, fast two-way (bi-directional) communications are

enabled between a browser and the server.

2) Database Module:Huge amounts of data are to be stored and processed in eLOT. The open source

MySQL database is chosen due to its excellent reliability and scalability. There are mainly two types of

data established and operated in the database detailed as follows:

• Offline Data:

Typically, two tables are maintained in the database as the radio fingerprint map. The first table

records all the IDs and coordinates of the reference locations. The corresponding RSS measurements

are stored in the second table.

• Online Data:

When the localization and tracking modules process the collected real-time data, they produce the

position estimates of the MNs as well. These results are saved in another table, which contains the

MN ID, the coordinates of the estimate, the timestamp, and soon.

Instead of using a database table, a hash table is created andloaded in the memory of the server to

expedite the I/O processes. This table is used to save the real-time data, collected from the ANs. The

main fields in the table include the MN ID, RSS value, Timestamp, the ID of the reference AN. Each

MN has its own linked list in the hash table. The hash value fora linked list of an MN is generated

according to the MN ID, which determines its position in the hash table. Since the memory for a linked

list is dynamically allocated, it may move the data due to an improper assigned memory size. Thus, by

this way, it is convenient to store all the MNs data efficiently.

3) Web Server Module:To order to enable the user to view the real-time position andto track the

movement of the concerned MNs, the Web service module is programmed using the JavaScript language.

The client browser first sends a connection request to the server using JavaScript. Then, the server approves

it and establishes a TCP connection with the browser for datacommunications. On the web page, the

positions of the fixed ANs are always marked in the map, while the real-time movement of the MNs can
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Fig. 4. An example web page in eLOT shown to the client.

be observed under different scenarios. Apart from this, theuser can click on the control bars to select

functions such as scenarios, location and track. For example, when the location function is selected, only

the user position is shown on the map without its movement routes as illustrated in Fig. 4.

VII. EXPERIMENTAL RESULTS AND ANALYSIS

A. Experimental Setup

We carry out experiments under two typical scenarios including both the indoor and outdoor environ-

ments. The first one (Scenario A) is a relatively small multi-floor apartment building, where each floor

measures 200 square meters. As shown in Fig. 5(a), the secondfloor is divided into two zones, i.e.,Zone1

andZone2. Due to geographical limitation, the areas of these two zones are not identical. We deploy four

anchor nodes on the roof of the corridor in each zone, which results in an average of 8 meters separation

in Zone 1 and 10 meters separation inZone 2. The wireless signals in this environment are relatively

stable due to the small space. The second scenario (ScenarioB) is a typical Line-of-sight (LOS) outdoor

environment as shown in Fig. 5 (b). There are two zones in Scenario B, i.e.,Zone3 andZone4. In each

zone, four anchor nodes are deployed along the road with an average separation of 15 meters, which are

fixed on a tree or light pole approximately 2 meters above the ground. The experiments are conducted in

an open field, without obstructions among the anchor nodes.
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Fig. 5. Illustration of two typical deployment scenarios ineLOT.

We collect fingerprints in different reference positions inScenarios A and B. In Scenario A, 56 reference

positions are picked, and the distance between two reference positions is 1.2 meters. In Scenario B, 12

reference positions with 2.4 meters separation are selected. Experiments are carried out when there are

few people in Scenario B, causing little disturbance on the wireless signal. In both environments, we

perform 30 signal sample scans for each reference position.Then, after removing the noise corrupted

ones, the remaining samples are averaged and stored in the database as a fingerprint in the radio map.

Our chosen target is a person carrying a mobile node moving inside the detection area. In the online

phase, we walk through the pre-defined routes multiple times. The 8-bit RSS indicator (RSSI) is used to

represent the RSS value, ranging from -70 dBm and -10 dBm. Theradio transmit power is set to 20 dBm.
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Fig. 6. Locations of the test points and reference positions.

The RSS sampling time interval is adjustable in accordance with the target mobility. When the target

velocity is below 0.5m/s, the sampling interval is set to 1s. The anchor nodes collect data from the

mobile node. Measurements are sent to the server, i.e., Lenovo M4350, for data processing. Experiments

in those environments require much time to complete. The accuracy of the eLOT system is found by

comparing the estimated and known positions.

B. Localization performances

In both environments, we perform tests at several given points as shown in Fig. 6. At each points, more

than 20 samples of the beacon signal from the testing MN are measured and used to estimate the position.

The performances of different localization algorithms, i.e., KNN, WKNN and AWKNN, are compared

for Zone 1. Fig. 7 illustrates the estimation errors of the comparative algorithms at the given point in

Zone1. It is shown that the AWKNN algorithm outperforms its competitors, which is thus adopted in the

following experiments.

Next, the cumulative distribution function (CDF) performances of the estimation errors under different

zones are compared in Fig. 8. The average performances are also given in Table II. Good localization

accuracy is achieved for both the indoor and outdoor environments. In the indoor cases, i.e.,Zone 1
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Fig. 8. CDF performances of the estimation errors in different zones.

and Zone2, the accuracy is better due to the closer distance between the ANs, i.e., less than 2m. On

the other hand, more errors were found for the outdoor cases,i.e., Zone3 andZone4, attributed to the

more varying sounding environment and the larger distance between the ANs.
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TABLE II
ESTIMATION ERRORS IN DIFFERENT ZONES.

Average Error < 50% Error < 90% Error

Zone1 0.78m 0.56m 1.55m

Zone2 0.53m 0.54m 0.90m

Zone3 1.95m 2.14m 4.01m

Zone4 2.03m 1.89m 3.38m

Fig. 9. Illustration of the tracking error in Scenario A.

C. Tracking performances

In the online positioning phase, we walk through the pre-defined routes multiple times. The route in

Scenario A is represented by the dotted green lines in Fig. 9,where the blue dots indicate the true target

positions and the red ones represent the estimated positions. It can be seen that the errors are around one

meter in this environment.

D. Energy efficiency performances

In addition to position accuracy, energy consumption is also investigated in eLOT. First, the current

consumption of the homegrown wireless communications module in CC2530 and CC2591 is measured

by interpolating a series resistor of 10Ω. The measured voltage of the transmit or receive mode is shown

in Fig. 10. Correspondingly, the currents of the transmit and receive mode are calculated, i.e., 110mA
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Fig. 10. Measured voltage results of the module in CC2530 andCC2591.

and 30mA, respectively. Due to the limitation of the metering equipment, the current of the sleep mode

is not measured but can be found in the data sheet, i.e., 1µA [30].

1) Effects of the proposed networking method:In eLOT, more reliable communications can be achieved

so that energy consumption decreases without unnecessary transmissions. In order to demonstrate its effec-

tiveness in energy efficiency, tests were carried out for thecase of multiple MNs working simultaneously

in the multi-zones, i.e., two MNs inZone1 and another two MNs in the neighbouringZone2. For the

purpose of comparison, the performances of the traditionalWSN without consideration of localization is

also measured. All the MNs send the beacon signals to the ANs,and the successfully received packets are

counted at the server. Thanks to the proposed networking methods, the packet loss rate (PLR) improves

in eLOT compared with the traditional WSN, i.e., from 6.3% reduced to 1.9%. With an increase in the

number of MNs in the area, such improvements become more evident because the proposed networking

methods can effectively reduce the competition among the MNs.

2) Effects of adaptive sounding scheme:In the experiments to measure the effects of the adaptive

sounding scheme, the mobility of the test MN is controlled, e.g., a speed of 0.9m/s is initialized at the

beginning and reduced to around 0.5m/s later on. As shown in Fig. 11, the mobile node is real-time

tracked although estimation errors exist. Then, the sounding cycle is adaptively adjusted according to the

estimated speed, i.e., from 1s to 2 s. It is noted that such an adjustment does not take place immediately
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Fig. 11. Example of adjusting the sounding cycle during NM movement.

after the speed variance is estimated, which helps reduce the probability of erroneous changes. The energy

consumption per sounding cycle, i.e.,Ts, is given by

Es = PxTx + Ps(Ts − Tx) (16)

wherePx andPs are the power consumptions of the transmission mode and sleep mode, respectively,

i.e., 3.3 V × 110 mA and 3.3 V × 1 µA. Tx is the time duration of the transmission mode, i.e., 1

ms. Hence when the sounding cycle increases from 1s to 2 s, the energy consumption per sounding

cycle increases very little, i.e., from 366µJ to 370µJ , due to the very low energy consumption in the

sleep mode. In our test period of 100s, the total energy consumption without the adaptive sounding

scheme can be easily calculated as100 × 366µJ = 36600 µJ = 0.366 J . On the other hand, with

the adaptive scheme, the sounding cycle increases from 1s to 2 s after detecting the speed change in

the last 40s, i.e., only 20 sounding cycles in 40s. Correspondingly, the total energy consumption is

60 × 366µJ + 20 × 370µJ = 29360 µJ = 0.2936 J . The energy consumption is reduced from 0.366

J to 0.2936J , which is equivalent to about 20% improvement. The improvement becomes lager if the

test period becomes longer. Meanwhile, the average errors of localization with or without the adaptive
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sounding scheme are also measured as 1.43m and 1.39m, respectively.

As defined in [29], the energy efficiency of localization in energy constrained sensor networks is given

by

η =
1/e2

ε
(17)

wheree2 is the Mean Square Error (MSE) of localization, andε is the energy consumed to localize a

node. According to (17), the corresponding energy efficiency performance increases from 1.41 to 1.67 by

adopting the adaptive sounding scheme in this case.

VIII. C ONCLUSION

We developed a Zigbee-based localization and tracking system, which is applicable in ubiquitous

environments including both indoor and outdoor. In order towell balance localization accuracy and

energy efficiency, new designs at both the network and mobilenodes were implemented in the proposed

system, where the mobile nodes can have quick access to the network and be located by the network

with minimum energy consumption. Extensive experiments were conducted in practical environments to

evaluate the performance of our system. The results have demonstrated that eLOT is energy-efficient and

effective in accurately estimating target positions in various setting. In our future work, we will enlarge

the network size of eLOT to include multiple buildings as well as roads in the campus.
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