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Abstract-In recent years, the use of wireless sensor net-

works has increased. This is due in part to the increasing 

miniaturization, decreasing costs and the identification of 

real-world scenarios where sensors can be deployed. Device-

free Passive (DfP) localization is the identification of a person 

without the need for any physical devices i.e. tags or sensors. 

A DfP Localization system uses the Received Signal Strength 

Indicator (RSSI) for monitoring and tracking changes in a 

Wireless Network infrastructure. The changes in the signal 

along with prior fingerprinting of a physical location allow 

identification of a person's location. This paper is focused on 

implementing DfP Localization built using a Wireless Sensor 

Network (WSN). The main reason for deploying Wireless 

Sensor Network DfP Localization is due in part to the benefits 

of deploying when a wireless network infrastructure is not 

available. RSSI-based localization techniques became more 

attractive because of their simplicity but also because they do 

not require additional hardware. The human body contains 

more than 70% water and it is known that resonance fre-

quency of water is 2.4 GHz. Thus the human body is reacting 

as an absorber attenuating the wireless signal. Many of the 

proposed RSSI-based technologies use the fingerprinting 

method for estimating the location of the tracked person. Fin-

gerprinting in location estimation systems refers to a method 

that compares the fingerprint of some characteristic of a signal 

that is location dependent. 

 

 

I.  INTRODUCTION 

 

Location can be classified as physical location, the place 

in the real-world i.e. meeting places, houses, offices, res-

taurants, or it can be classified as a place online known as a 

virtual location. The physical location class can be broken 

down into three subcategories: descriptive locations, spatial 

locations and network locations [1]. The DfP Localization 

technique is focusing on identifying a person’s location, 

thus it can be included in the spatial locations subcategory. 

The localization technologies proposed in the literature 

can also be separated into indoor and outdoor localization 

systems. The Global Positioning System (GPS) [1-5] is 

widely used for outdoor position determination and this 

technology is already implemented in most of the mobile 

devices available on the market. GPS cannot estimate loca-

tion in indoor environments due to the technology request 

for Line of Sight (LoS) when connecting to satellites. Thus 

researchers developed systems based on metrics available 

indoors i.e. radio frequency. Other approaches determined 

the position using ultrasonic and infrared sensors [1-5].  

Previously presented technologies have the same re-

quirement that the tracked person carries a physical elec-

tronic device, which in some cases can process some in-

formation and send the results for further processing to an 

application server running the localization algorithm. 

Wireless indoor localization has become a very popular 

research subject. Multiple wireless technologies can be 

used for wireless indoor location determination. These 

technologies may be classified considering: 1) the location 

positioning algorithm; or 2) the physical layer or location 

sensor infrastructure [6]. Location sensing approaches can 

be classified as follows: location fingerprinting (scene 

analysis), triangulation, and proximity [2,6,7].  The metrics 

used in most of the approaches are: Received Signal 

Strength Indicator (RSSI), Time of Arrival (TOA) / Time 

Difference of Arrival (TDOA), and Angle of Arrival 

(AOA) or Direction of Arrival (DOA). The following list 

represents a range of possible positioning technologies: 1) 

WLANs, 2) Ultra-wideband, (UWB), 3) Field strength sys-

tems, 4) Radio frequency identification (RFID), and 5) 

Next-generation indoor positioning system [8]. 

The rest of the paper is organized as follows: Section II 

gives a brief presentation of some related technologies pro-

posed in the literature. Contributions are outlined in Sec-

tion III. Section IV presents the experimental testbed used 

for evaluating the proposed DfP system.  Section V con-

cludes the paper. 

 

II.  RELATED WORK 

 

Many of the proposed technologies use the finger-

printing method for estimating the location of the tracked 

person. Fingerprinting in location estimation systems re-

fers to a method that compares the fingerprint of some 
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characteristic of a signal that is location dependent. This 

algorithm has two stages: the offline stage and the online 

stage (run time or real time stage) [2,6,9-11]. The tech-

niques that employ database comparison are fingerprint-

ing, pattern recognition or pattern matching [7]. The fin-

gerprint method is presented in [12] as a map of the cov-

erage area of the network obtained by measuring the re-

ceived signal strength indicator (RSSI). Deterministic 

techniques represent the signal strength measured in a 

location by a scalar value, e.g. the mean value. The RA-

DAR system uses the nearest-neighbour technique to in-

fer the location [2]. Probabilistic techniques store infor-

mation about signal strength distributions from access 

points in the radio map and estimate the location [2]. The 

Nibble system uses a Bayesian network approach to es-

timate user location. Research shows that the probabilis-

tic technique outperforms the deterministic technique. In 

the case of probabilistic techniques the location estima-

tion for the same parameters will vary.  As for determi-

nistic techniques the location estimation will be a single 

result. Previous authors [13] have discussed probabilistic 

techniques, such as Markov modelling, Kalman filtering 

and Bayesian analysis. 

RSSI-based localization techniques became more at-

tractive because of their simplicity but also because addi-

tional hardware is not required [3, 4, 5, 14, 15, 16, 17].  

Two key parameters in RSSI-based localization tech-

niques are path loss and wall attenuation. Authors 

[15,16] introduced a self-calibrating RSSI-based Indoor 

Localization. Most of the existent localization techniques 

are using RSSI and distance measurements and are based 

on fingerprinting, but the drawback of using this method 

is the time consumed in building the radio map. 

The techniques known as passive localization were 

presented in the literature [3-5,18-20] as Device-free 

Passive (DfP) Localization or Variance-based Tomo-

graphic Imaging (VRTI). This is called ‘passive localiza-

tion’ as the person being tracked is not carrying any elec-

tronic device such as tags or sensors. VRTI is an exten-

sion to the technology denoted in the literature “radio 

tomographic imaging” and is so-called due to its analogy 

to medical tomographic imaging. An alternate tag-free 

localization technology is ultra-wideband (UWB) 

through-wall imaging (TWI) (also called through-the-

wall surveillance) [19,21]. Through-wall imaging has 

garnered significant interest in recent years for both 

static imaging and motion detection. Many applications 

could be developed using passive localization: such as 

detecting intruders in the home or any other area of par-

ticular security interest [3-5], helping emergency re-

sponders, military forces, or police arriving at a scene 

where entry into a building is potentially dangerous 

[19,21].  

Ultra-WideBand (UWB) through-wall imaging has at-

tracted recent interest due to its ability to penetrate walls. 

Authors [19] presented detailed imaging results based on 

the virtual elliptic curve imaging method using the UWB 

pulse system. 

Two other approaches that can be classified as sensor-

less passive localization are considered to be computer 

vision and physical contact [5,22]. 

This paper introduces DfP Localization using a WSN. 

The number of smart sensors nodes available on the 

market is increasing. The nodes are equipped with a 

processor, memory, a radio, batteries for power supply 

and one or more sensors, e.g. thermal, optical, magnetic, 

accelerometers, biological, humidity, barometric pres-

sure. The large variety of sensors is able to measure dif-

ferent properties of the environment and make the nodes 

suitable for applications in many areas as shown in Fig.1. 

 

 

 

 

In order to implement an application using WSN it is 

necessary to take into account the design and resource 

constraints which are specific to WSN nodes. The proto-

cols need to be carefully designed in order to preserve as 

much energy as possible (putting the nodes into sleep 

mode whenever they are not used), to consider the short 

communication range, the bandwidth and the limitation 

for processing power and storage space. 

 

III.  CONTRIBUTIONS AND OUTLINE 

 

The main objective of this paper is to identify the 

presence of a human body in a room by monitoring the 

changes occurred in the environment. Basically the radio 

frequency used by the nodes to send beacons is 2.4 GHz. 

The human body contains more than 70% water and it is 

known that the resonance frequency of water is 2.4 GHz 

[4,23]. Thus the human body is reacting as an absorber 

attenuating the wireless signal. 

 

Fig. 2 shows the methodology used to monitor 

changes in the indoor environment. This work is differ-

ent to previous DfP RSSI-based localization systems in-

troduced in [3-5] due to the fact that a WSN is used to 

record the RSSI measurements. Another different aspect 

is the use of smoothing algorithms to filter the RSSI re-

cordings. Previous researchers used raw RSSI. Here 

smoothing the RSSI signal makes it easier to detect or 

observe changes in the environment. For a better under-
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Fig. 1: Sensor Applications  

 



standing changes in the environment are referred to as 

events occurring due to the presence of a person in the 

room where the WSN is deployed. 

 

In many experiments the amplitude of the signal 

changes smoothly but this depends on the type of signal 

measured in the experiments. RSSI measurements are 

very noisy, thus the signal amplitude representation will 

not be very smooth.  

Three different smoothing algorithms have been 

tested. Tests were conducted using the fastsmooth func-

tion in Matlab. Fastsmooth is the function: 

 

                                       (1) 

 

where s is a vector which returns the smoothed data, data 

represents the vector containing the RSSI measurements, 

the smooth width is a positive integer and type refers to 

the type of the smoothing algorithm. If type=1 the 

smoothing algorithm is rectangular (sliding average or 

boxcar); type=2 gives a triangular smoothing algorithm 

(two passes of a sliding average algorithm); type=3 re-

fers to a pseudo-Gaussian smoothing algorithm (three 

passes of a sliding average algorithm). The last parame-

ter of the fastsmooth function is edge and it refers to the 

edges of the signal i.e. if edge=1 then the edges are 

smoothed with smaller amounts of smoothing for the 

first and last points of the signal. 

Three types of smoothing algorithms are presented. 

The simplest one is the rectangular or unweighted slid-

ing-average algorithm. The equation for a three-point 

smooth (width=3) is given by 

 

   
            

 
                            

 

with j=1 to n-1,    is the j
th

 point in the smoothing vector 

and   represents the j
th

 point from the original data. The 

number of the points to be averaged from the original 

data needs to be an odd number. The fastsmooth function 

for using Equation (2) is given by Equation (3) 

 

                                    
 

The second smoothing algorithm is called triangular 

smooth. This type of smoothing algorithm is similar to 

the rectangular smooth, except it implements a smooth-

ing function based on weighted values. The equation for 

a five-point smooth (width=5) is given by 

 

   
                         

 
        

 

for j=3 to n-2. This algorithm is similar to using the 

three-point rectangular algorithm two times and ex-

plains the value of the denominator.  

Fig. 2. Methodology 

 

 

 

Fig. 3. Smoothing data in Matlab using 
three-point rectangular smoothing    

 



Fig. 3 shows the smoothing effect on the RSSI meas-

urements using the three-point rectangular smoothing al-

gorithm, while Fig.4 presents the five-point triangular 

smoothing algorithm. 

 

As shown in Fig. 3 and Fig.4 triangular smooth out-

performs the rectangular smooth due to a more effective 

reduction of the high-frequency noise in the original sig-

nal. Again the width of the smooth is an odd positive in-

teger and the coefficients used for smoothing are bal-

anced around the    point. Equation (4) can be imple-

mented in Matlab using the fastsmooth function in the 

following format: 

 

                                                       
 

Sections IV shows the experiments conducted in order 

to evaluate our system and also offers some details about 

the wireless free-range nodes used for conducting the 

tests. Finally, we conclude the paper in Section V. 

     

IV.  EVALUATION 

 

Experiments have been conducted using a Sunspot 

Development kit which includes two Sunspot java-based 

nodes and a base station deployed as an IEEE 802.15.4 

wireless sensor network. The experimental test bed is 

shown in Fig. 5. The testbed consists of two free-range 

Sunspot motes with fixed positions sending beacons 

every 500 msec. The messages sent by each mote con-

tain the following parameters: RSSI, node ID, battery 

voltage and battery level. The battery voltage and the 

battery level are being measured due to the fact that 

wireless communication could be affected if the node’s 

battery is running low. The nodes are placed 1.5m away 

from the base station with a distance of 1.5m separating 

the nodes and a 1m height. The accuracy of the system is 

not considered very high currently due to the availability 

of only one Sunspot Development kit. Increasing the 

number of nodes and base stations it is possible to in-

crease the number of transmitter-receiver pairs. Using a 

time buffer [4] changes in the environment can be moni-

tored using the RSSI metric. If a person is moving in the 

environment the strength of the signal measured at the 

 

Fig. 4. Smoothing data in Matlab using 
five-point triangular smoothing    

 

 

Fig. 5. Experimental testbed 

 

Fig. 6. The anatomy of the Java-based Sunspot 

nodes 



receiver will not be affected at the same time, thus intro-

ducing the time buffer allows waiting for a predefined 

time and monitoring if an event occurs attenuating the 

signal in more than one pair.  

As shown in Fig. 6 the two free-range nodes in Sun’s 

Development kit are built from five components: 1) the 

sunroof; 2) a sensor board including a 2G/6G three-axis 

accelerometer, a temperature sensor, eight LEDs, a light 

sensor, two programmable switches, I/O pins, and four 

output pins; 3) a processor board running a 180 MHz 32 

bit ARM920T core - 512K RAM/4M Flash; 4) an inter-

nal 3.7V 720maH lithium-ion rechargeable battery 

[24,25]. 

The sunspot motes radio communication is based on 

an integrated TI CC2420 (Texas Instruments) radio chip 

which is IEEE 802.15.4 compliant and works in the 

2.4GHz to 2.4835GHz ISM bands. The TI CC2420 data-

sheet specifies the formula to compute the received sig-

nal strength (in dbm) using the raw values offered by the 

sensors as follows 

 

                                      

  

where RawVal represents the values measured by the 

base station and RssiOffset=-45. Thus if the RawVal 

measured by the base station is -20, that means that the 

RSSI (in dbm) is -65 [14,24,26].  

Experimental results are shown in Fig. 7. Fig. 7. a 

represents the comparison between the recorded finger-

print without any human presence in the room. The data 

measured was smoothed using the five-point triangular 

smoothing algorithm presented in Section III. The 

graphic shows very clearly the effect of the human pres-

ence on the wireless signal. Two tests were carried out. 

In the first test a person walked between the base station 

and the two motes and it can be observed by the smaller 

variations of the signal. For the second test the person 

stopped between the nodes and the base station. The 

square represents a clear event when the presence of the 

person attenuated the signal from one of the nodes and 

after approximately five seconds the person moved to the 

second node as shown in Fig. 7 b. In Fig. 7 c results ob-

tained from the two nodes were compared for the case 

when a human presence was detected. The tests were re-

peated and the results were similar.  

 

V.  CONCLUSIONS 

 

In this paper a DfP Localization was considered, built 

using a Wireless Sensor Network (WSN). The main rea-

son for deploying Wireless Sensor Network DfP Local-

ization is due in part to the benefits of deploying when a 

wireless network infrastructure is not available. The fo-

cus was on the possibility of using a deployed RSSI-

based WSN for detecting a human body in an indoor en-

vironment. The results showed that this is a viable solu-

tion when a wireless network infrastructure is not avail-

able. The accuracy and precision of the system are cur-

rently not very good due to the availability of only one 

Sunspot Development Kit. Future work will be con-

ducted on enhancing the system presented and to im-

prove the accuracy and precision. 

Three types of smoothing algorithms were used for 

filtering the data and results presented were considered 

clear in explaining our contribution. Options of using 

more complex smoothing algorithm will be investigated 

due to the fact that using simple algorithms can create 

loss of valuable data  

 

 

 

Fig. 7. Experimental results with two Sunspots motes: 

 a) RSSI from one node; b) RSSI from the second node; c) comparing RSSI when an event occurred 
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