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Abstract

Among all the wireless localization techniques, most works require users to-carry a
device, such as a transmitter or a receiver, on the target object to be localized. The
need is.to develop a device-free localization system, This paper proposes a
statistics-based scheme to locate people, where we monitor the received signal
strength (RSS) of the Radio Frequency (RF) system in the background environment to
recognize that a person may be located in a certain room. This scheme consists of two
phases: training phase and online phase. In the training phase, we assume that the
building has been deployed with some Wi-Fi APs and a fix receiver; our scheme will
measure the RSS distribution while a person is in a room, or not in a room, as the
training patterns. In the online phase, we compare the current RSS distribution against
the training patterns to detect which room a person is now in. We believe that our
framework can provide a valuable solution for device-free localization. A prototype

system is developed to verify the practicability of our framework with real data.
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A Device-free Location Detection Scheme for Indoor Environment

e e

Abstract—among all the wireless localization techniques, most works have to carry a
device, such as a transmitter or a receiver, on the target object to estimate locations.
For the device-free localization system, a globally acceptable solution is still missing.
This paper propose a statistics-based scheme to locate the people, where we
monitor the received signal strength (RSS) of the Radio Frequency (RF) system in the
background environment to recognize that a person may locate in a room=based area
(e.g., @ living room). This scheme consists of two phases: training phase and online
phase. In the training phase, we assume that the building has been deployed with
some Wi-Fi APs and a fix receiver; our scheme will measure the RSS distribution
while a person is in a room (or not in a room) as the training patterns. In the online
phase, we compare the current RSS distribution against the training patterns to
detect which room would a person stay. We believe that our framework can provide
a valuable solution for device-free localization. A prototype system is developed to

verify the practicability of our framework with real data.



1. Introduction

Location-based services (LBS) have been regarded as a killer application in mobile

networks. A central issue of LBS is location tracking. At present, GPS is still the widest

used technology for positioning in outdoor environments. However, due to

shadowing effects, GPS is not always available or even reliable. Therefore, much

research has been dedicated to the wireless positioning system (WPS), which is

based on Radio Frequency (RF) signals to locate a mobile user. These systems can be

classified into five categories: AoAbased [6], ToA-based [7], TDoA-based [8], signal

loss-based [9], and pattern-matching [10]-[14] techniques.

While surveying those existing localization approaches, most works have to carry a

device, such as a transmitter or a receiver, on the target object to estimate locations.

This constrains the availability of LBS when the user without carrying the mobile

devices. Therefore, many device-free solutions have been proposed to track the

motion objects. For example, some infrared, ultrasound, and scene analysis based

systems have been proposed in [1]. In [2], the authors deploy many sensors on the

ceiling and propose a localization model of distance, transmission power and the

signal dynamics caused by the objects. However, the main drawback of those

systems is their high deployment cost. In [3], the authors detect and track object by

monitoring the changes of the received signal strength (RSS) between a transmitter
2



and a receiver that deployed at the environment. However, such a system can only

be used near the transmitter and receiver. If a room did not deploy a transmitter or a

receiver in the environment, this system can not detect the changes in this room.

In this paper, we propose a room-based device-free location detection scheme,

which compare the distribution of RSS that record in the training phase with the

current distribution to recognize the room in which a.person may locate. We deploy

some transmitters (i,e. Wi-Fi access points) and a receiver (i,e. a laptop) in a small

scale area, such as a house. Our scheme consists of two phases: training phase and

online phase. In the training phase, we will collect the RSS distribution that a user in

various rooms. Note that no user in the room is one of the conditions. Then, we use

a test distribution set (where to represent a person stay in each room) to compare

against the distribution of training RSS and calculate the repetition rate as the

training pattern. In the online phase, we will collect the current RSS distribution and

compare it against the distribution of training RSS to calculate the repetition rate as

the current pattern. Then, we will compare the current pattern with training patterns

to find out the most similar one, where it represents a person stay in a specific room.

In the end, our system will show a person stay in this room as the output.

The rest of this paper is organized as follows. Section Il gives some background



knowledge. The room-based device-free location detection scheme is presented in

Section Ill. Some experimental results are shown in Section IV. Conclusions is drawn

in Section V.




2. 1 Background

Since civilian Global Positioning System was invented in 1970s, the localization

demand for numberless applications had been noticed greatly. In recently years, due

to the prospering of mobile devices, the focuses of localization demand has changed

from measurement, navigation and field sports to personal location-based services

such as local search, personal guidance and location-dependent multimedia services.

Some critical disadvantages of GPS got more obvious in these application

environments. For example, there must be no satellite signals inside a shopping mall,

whereas a_common location-based coupon service is desired. Even in an outdoor

business section of a city, the accuracy of GPS is bad because there is no enough

satellite in the sight or the multi-path fluctuation is serious.

For these reasons, a new type of localization method had been invented because of the

widely spread wireless base stations. Wireless-based localizations utilized the wireless

transmission characteristic to calculate the position of mobile device. The radio type

varied from a common IEEE 802.11 Wi-fi to a novel WiMAX metropolitan area

network. The data for calculation are time gaps or RSS readings. The wireless

positioning techniques can be mainly categorised into two. The first one is

triangulation-based. The principle of wireless triangulation-based localization is

almost the same as GPS, except the beacons changed from satellites to access points
5



or base stations. It triangulates the location by time gaps or signal decay according to

ideal sphere path-loss model. The finer beacon coverage is guaranteed because the

high density of base stations. However, the multi-path and signal fluctuation problems

still existed. For these drawbacks, a substitution is introduced to alleviate these

problems. That is fingerprinting-based, or pattern-matching based localization. The

principle is based on collecting a mapping.of location labels and signal fingerprinting

vector. Once the mapping is collected, we can deduce the location from the immediate

fingerprints.

However, those existing localization approaches, most works have to carry a device,

such as a transmitter or a receiver, on the target object to estimate locations. This

constrains the availability of LBS when the user without carrying the mobile devices.

Therefore, many device-free solutions have been proposed to track the motion

objects. For example, some infrared, ultrasound, -and scene analysis based systems

have been proposed in [1]. In [2], the authors deploy many sensors on the ceiling and

propose a localization model of distance, transmission power and the signal

dynamics caused by the objects. However, the main drawback of those systems is

their high deployment cost. In [3], the authors detect and track object by monitoring

the changes of the received signal strength (RSS) between a transmitter and a



receiver that deployed at the environment. However, such a system can only be used

near the transmitter and receiver. If a room did not deploy a transmitter or a receiver

in the environment, this system can not detect the changes in this room.




2.2 Related work

Device-free passive (DfP) localization, in which the tracked entity need neither carry

devices nor participate actively in the localization algorithm.

“Entity” we mean an object that can cause changes to the environment, such as

people. “Environment” we m aria of RSSI (Wireless signal

strength).

Mean R

Variance R
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3. Experimental method

In this paper, we propose a room-based device-free location detection method,

which compare the distribution of RSS that record in the training phase with the

current distribution to recognize the room in which a person may locate. The main

idea of this work is that the human will cause the RSS attenuation if he/she closes to

the transmitter or the receiver. Figure 1 and figure 2 show the obvious observation.

1655 ZIER 381 4377 STI G865 TRED ETRE ST 0me]

Record

Figure 1. The RSS reading collected from a receiver while a person close to it.
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Figure 2. The RSS reading collected from a receiver without any interference.

Considering the RSS changes between Figure. 1 and Figure. 2, we observe that the

object may cause the RSS attenuation if the object closes to the transmitter or the

receiver. Therefore, we could detect the object location by monitoring RSS in the

background environment. To locate a device-free object, we deploy m transmitters



(i,e. Wi-Fi access points) and a receiver (i,e. a laptop) in a small scale area, such as a

house, which has m rooms (n<m). Figure 3 shows this environment.

Room1 Room?2 Room3
AP 1 AF 2 AF 3
NB
Room m
AFm
Fig 3

Below, we propose a statistics-based localization scheme to locate the device-free

object." This scheme consists of two phases: training phase and online phase, as

illustrated in_Fig. 4. .In the training phase, we will collect the RSS distribution that a

user in various rooms. Note that no user in the room is one of the conditions. Then,

we use a test distribution set (where to represent a person stay in each room) to

compare against the distribution of training RSS and calculate the repetition rate as

the training pattern. In the online phase, we will collect the current RSS distribution

and compare it against the distribution of training RSS to calculate the repetition rate

as the current pattern. Then, we will compare the current pattern with training

patterns to find out the most similar one, where it represents a person stay in a
10



specific room. In the end, our system will show a person stay in this room as the

output.

Collect RSS| m |:> Statistics |::> Overlap __f,av\ Training
Phase

, Online

Output Result <: Compare Variance <1,:' Quantize: - Phase

Figure 4. System flow.

3.1 Training phase

In the training phase, we will collect the RSS distribution that a user in various rooms.

Note that no user in the room is one of the conditions. Then, we use a test

distribution set (where to represent a person stay in each room) to compare against

the distribution of training RSS and calculate the repetition rate as the training

pattern.

To achieve this goal, we ask a volunteer to stay in.each room for 5 minutes. For each

room, we will collect 5,000 RSS samples from n APs. For each AP, then, we will

calculate the average and variance RSS reading every size (Wi) of the samples. In

order to facilitate the calculation, this value will be rounded number. If we assume

AP1 was closest to room No.1 among all other AP, we obtained that M=(AP1 Total

record )/(Window Size).

11



Two data, with or without the presence of people, were recorded for each room as

{50,51},{50,52},{S0,53},.... {SO,Sm}, which were statistically arranged in histograms in

Fig. 5. Rmin, Rmin+1, Rmin+2, ..., Rmax denote the distribution of RSSI intensities. N

is its number-and Mi is its total number. We can approximate a distribution curve as

in Fig. 6.

30
31
32
33
34
35
36

375

1w
]:

M; = Ngrpin + N(Rmin+1) 4 N(Rmin+2) + . +Nrmax

B0
R A ROV

A
WA =

11

30

20
10

Time

— I

32 33 24 35

Fig 5. Overlapped the two histograms of signal strength
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We overlap % wo histograms or without the

presence of people (Fi

The overlapped part y (Fig. 8)

Support there are i different Signal Strength,

If Ci < Ei , Output Ei

If Ci > Ei , Output Ci

C is the number of signals when there were no people in the room while E is the

number when there were.
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Clean Clean
Ewvent Event

Fig 8

The same process was applied to the real-time record of RSSI. The information was

recorded and statistically arranged in histograms before overlapping on Fig. 8, Hi as

in the example in Fig. 9.

Hi is the number of E Side outputs overlapped to 3.1.5.

Clean Clean
80%+ Event 18%-« Event

Check \\\ Check

= %

Clean
Event
Check

Fig 9

We calculated the percentage of real-time signals indicating the presence (E Side)/
absence (C Side) of people ﬁz Hrminsi - If the percentage was over 50%, the

conditions sustained, indicating the presence / absence of people.
14



Then we quantified our data with vectors. We could determine how high the

probability of the presence of people in room No. 1 was by repeating step 3.1.7 with

AP 1-AP m recorded when there were people in the room (Node 1).Fig 10

Clean

Collect AP1 RSSI Event
At Nodel 0 Ong 86%
- = Clean 1
Collect AP2 RSSI Event
At Node2 @0 14%
Clean 1 Training phase
Collect AP3 RSSI SHE
PNl o0Ong =" + People at Node1 ) .
Collect all AP signals 4%
. - Clean |
Collect AP4 RSSI Event
At Node4 0 One 4%
= Clean 1
Collect AP5 RSSI —
At Node5 OOl .y
0
Fig 10

In the following steps, we describe the features of the environment. What data

would be close to what we want? The result from overlapping the same data to itself

would be closest to what we want and would best represent the features of the

environment.

15



First, the data recorded during offline phase was overlapped to data during offline

phase with and without the presence of people.

3.1.4-3.1.6, the ratios for each AP in each room was arranged in the rectangle table

of percentages (Table 1). R1 means that there were people in Room No. 1 and Clean

means that there was' no one in any room. They are Vector Characteristics. After

obtaining this feature table, we compared real-time data with Vector Characteristics

to identify the most similar data.

R1 R2 R3 R4 Rm Clean
AP 1 "X11% X21% X31% X41% Xm1% X1%
AP 2 X12% X22% X32% X42% Xm2% X2%
AP 3 X13% X23% X33% X43% Xm3% X3%
APm XIm% X2m% X3m% X4m% ... Xmm% Xm%

Table 1, Vector Characteristic

Then, another rectangle table of percentages (Table 1) was obtained by overlapping

16



real-time data recorded in online phase onto data during offline phase with and

without the presence of people.

First, we assume that we didn’t know which room was present with people. After
subtracting the square of data in 3.1.9. from data in 3.1.10, we further added the
difference for the same room. This means that if the difference (Table 2) between the
real-time data recorded so far and the Vector Characteristic was the smallest,
indicating that they were most similar, we could conclude which room was present

with people.

Variance room#1= (XR11-XV11)2+(XR12-XV12)2+(XR13-XV13)2+...... +H(XRIm=XV1m)2

m
Z(XRli — Xv11)?
=1

R stands for real time and V stands for Vector Characteristic.

Room R1 R2 R3 R4 ... Rm Clean
Variance XXxx XXXX = XXXX XXXX ..  XXXX  XXXX
Table 2, Compare the variance. The location with smallest difference is the location

present with people. Clean means there were no people in any room.

17



3.2 Expansion Scenario 1

How can we infer if there is no AP in a specific room or location? As in Table 3,

although AP3 was removed, we still had the recorded value of X31, X32, X34...., and

X3m, from which we were still able to infer which room was present with people by

the method in 3.1.11.

In other words, w ecessarily in the

AP1
AP 2
AP3 X13% X23%

AP 4 X14% X24% X34%

APm XIm% X2m% X3m% X4m% Xmm%

Table 3

18



3.3 Expansion Scenario 2

How to infer if there were people in multiple rooms or locations? We could collect

data when there were people in multiple rooms in the offline phase, i.e. people are

present in Room#1 and Room#2, in Room#1 and Room#3 ,or in Room#1 and Room#3.

We can still infer if compare this data with the method described in 3.1.11.

3.4 Simplified p

Simplified pre

Data collec : atistics->0verlay angle D 1ge Variance

19



4. Experiment Data

4.1 Environment Setup

Inside a 30 level ground apartment, one AP was placed in each room (Fig. 11). There

were two notebook receiving intensity signals. During the training phase, all people

left all rooms before the signals were recorded for five minutes. Every AP recorded

approximately 3,000 intensity signals. Then, one man stood in each of the six rooms

for six times and signals were recorded. This completed our training phase.

AF1 Coredgs=1 4/

= Nodel

NBE1
= Node2 k J "
= Nodes
= Mode3 = Noded
Apa Dlink=6
LT3 CoregaZ2 ASLIS=1 AP4 Shc=10 4F5

Fig 11. A 30 level ground apartment, 8.9m X 14.8m

During position phase, we assumed that there was one man standing in room No. 1

while the signals were recorded. With MDE, we could tell if the room was really

present with any person because we had a set of statistical data for every room
20



present with or without any person recorded during training phase.

Pay special attention during signal recording in following aspects. 1. Recording signals

from an environment without any person. We used a timer currently set at three

minutes for computer set up before the person left the environment. 2. Signal delay.

Some APs still received signals up to 2.5 minutes after shutting down the six APs used

in our experiment. Therefore, we extend the recording time to three minutes after

AP shutdown.

We recorded signals when there was no one or there was one person in one room a

time for every room. The data was saved in Clean, Node 1 to Node n databases.

4.2 Statistical Data

We separately analyzed data under different conditions of the presence of people in

the environment and in each node. The results were arranged in histograms.

Example 1

In node 1

With signals from AP1 as reference, the blue part in the histogram is signals recorded

21



when there was no one, and the red/green parts are signals recorded when there

was a person present at room No. 1/ node 1 (Fig. 12).

Room#1-AP1

Clean

Examg

In noc

With sig recorded

when there ’th : s : ed when there

Was a person pre C oom No. 1/ node 4 (Fig. 1

Room#1-Apl
Clean
Ewvent
Check
Fig 13
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Data analysis was conducted majorly by mean and assisted by variance. According to

our experience and actual data, mean is a more precise statistic in data analysis.

Next, we performed 3.1.4 to 3.1.9 to obtain a Vector Characteristic (Table 4).

Each Figure represented the statistical results obtained through 3.1.4 to 3.1.9 based

on signals from AP 1 to 5 (column 1 to 5) when there was a person standing in room

1to 5 (row 1 to 5 and Cindicated that there was no one in the room)

Rm 1 2 3 4 5 C

AP 1:86% 81% 17% 44% 13% 20%

AP 2:14% 82% 23% 18% 13% 10%

AP 3:04% 37% 97% 01% 01% 01%

AP 4:04% 41% 38% 79% 06% 10%

AP 5:06% 04% 13% 06% 60% 19%

Table 4

4.3 Compare Variance

Real time statistical data as in table 5 was obtained by repeating 3.1.4 to 3.1.8 and

23



3.1.10. Table 6 was obtained by deducting data in table 4 as in step 3.1.11.

Each row of data represented the result after deducting Vector Characteristic. The
probability of the presence of people increases as the figure decreases. Data in each
column represented the analyzed results from signals recorded in room 1 to 5 with or
without the presence of people respectively. Those circled in red indicated that the

prediction was a 100% 'match.

Rm 1 2 3 4 5 C

AP 1:83% 80% 12% 39% 16% 20%
AP 2:13% 56% 28% 07% 07% 10%
AP 3:02% 30% 42% 00% 01% 01%
AP 4:04% 31% 46% 58% 17% 10%
AP 5:07% 13% 09% 11% 46% 19%

Table 5

F/Node 1 2 3 4 5 Clean
File01-G001)07286 14619 07076 07746 04214
File02=03145Q0935 09538 05869 09892 06978

File03=08683 077803083 03950 06112 03421

24



File04=05133 09158 105200632 05816 02720
File05=06720 13558 10893 06420038} 00762
FileC6=04547 11388 10084 05593 01729(000D

Table 6

4.4 When There Wa

We tried to

Rm

AP 1:8

AP 2:13% 569

AP 3:02% 30%

AP 4:04% 31% 46% 58%

AP 5:07% 13% 09% 11% 46% 19%

Table 7

Repeated the procedures in 4.3 to obtain table 8, which turned out to be a very

precise estimation.

25



F/Node 1 2 3 4 5 Clean

File01=Q00ID 02558 14519 07056 07746 04203
File02=01455@023% 08500 04441 08109 04903
File03=08506 0480203062 03850 05903 03105
File04=05072 03474 1024300508 0577102708
File05=06660 07889 10616 063060033 00751
FileC6=04527 06189 09907 05533 01718 Q000D

Table 8

Table 9 was obtained by.removing AP3 and repeating the procedures in 4.3.

F/Node 1 2 3 4 5 Clean

File01-Q000) 06100 05659 07075 07745 04213
File02=02492Q0892 05076 05034 09058 06156
File03=07256 07749QQ011d 02260 04422 01749
File04=05113 07813 011400063 05814 02718
File05=06709 12293 01783 0642900381 00762
FileC6=04537 10140 01002 05593 01729Q000D

26



Table 9

Table 10 was obtained by removing AP4 and repeating the procedures in 4.3. The

estimation indicated no person while there had been one person in room 3.

F/Node 1

L ]
193 0360

)23 0281:
FileO4

FileO5

FileC6=04516

Table 10

We tried to remove one to more APs to observe the precision of our estimations (Fig.

14)

27
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a0
Hit Rate
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40%
0%
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10%
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4 5

1 2 3

AP Numbers

Fig 14. AP N r VS, Hit Rate
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4.5 Other environment
We changed to another environment (Fig. 15), where we set up six APs, five nodes

and three NBs.

S - o —
b o]
{ : + : i ’
> > >
3 D-Link 0016018448c
. preney >
Ngded Node2 Node3 Corega

Fig. 15 a 40 level ground apartment, 9.7m X 16.6m

45.1

We first observed the precision of estimation when the three different NBs were

placed at different locations.

45.1.1

NB 1 Offline MDE
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Node 1 2 3 4 5 C

AP 1:094% 100% 091% 053% 061% 049%
AP 2:046% 096% 008% 093% 100% 028%
AP 3:084% 064% 100% 080% 053% 017%
AP 4:082% 007% 007% 054% 080% 007%

AP 5:003% 002% 004% 035% 100% 004%

NB 1 Online MDE

Node 1 2 3 4 5 C
AP 1:097% 099% 097% 058% 067% 021%
AP 2:056% 098% 003% 094% 099% 006%
AP 3:086% 096% 063% 089% 059% 006%
AP 4:099% 000% 000% 093% 099% 004%

AP 5:000% 004% 001% 043% 100% 001%

F/Node 1 2 3 4 5 Clean

File012Q0402 09600 08982 05335 13715 19052
File02=10436QQ108B 08652 11366 19041 17664
File03=10893 0823 17464 28008 13758
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File04=06609 06291 1432 %0165 06828 17783
File05=14691 18941 26841 04714(Q043)) 28124
File06=16252 13747 05087 18444 246961400

Hit:100%

4.5.1.2

NB 2 Offline

Node 1

NB 2 Online MDE

Node 1 2 3 4 5 C

AP 1:090% 062% 038% 051% 052% 017%

AP 2:001% 099% 000% 009% 003% 002%

AP 3:089% 081% 097% 098% 048% 089%

31



AP 4:012% 011% 017% 099% 013% 001%

AP 5:002% 002% 004% 091% 099% 002%

F/Node 1 2 3 4 5 Clean

FiIeOl@ 10751 03632 17793 11442 05961
FiIe02=0894 0911822905 12997.09135
File03=02114 0986800435 13335 11296 01820
File04=10290 18928 0884@ 05908 12401
File05=08925 16344 08160 0789@ 09547
File06=04912 11478 00576 18592 12748Q0019

Hit:100%

4.5.1.3

NB 3 Offline MDE

Node 1 2 3 4 5 C
AP 1:089% 055% 048% 059% 057% 021%
AP 2:000% 063% 002% 002% 005% 001%
AP 3:065% 027% 082% 098% 072% 090%
AP 4:015% 012% 029% 068% 014% 002%
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AP 5:001% 005% 000% 080% 089% 000%

NB 3 Online MDE

Node 1 2 3 4 5 C
AP 1:090% 062% 038% 051% 052% 017%
AP 2:001% 099% 000% 009% 003% 002%
AP 3:089% 081% 097% 098% 048% 089%
AP 4:012% 011% 017% 099%.013% 001%

AP 5:002% 002% 004% 091% 099% 002%

F/Node 1 2 3 4 5 Clean

File01£€Q0552 10751 03632 17793 11442 05961
File02=08944Q4225 09118 22905 12997 09135
File03=02114 09868Q0433 13335 11296 01820
File04=10290 18928 08844@ 05908 12401
File05=08925 16344 08160 078950715 09547
File06=04912 11478 00576 18592 12748Q0013

Hit:100%
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The results indicated precise estimations when the three different NBs were placed

at different locations.

4.5.2

Then we tried to remove different amounts of AP to observe the precision of our

estimations.

AP 2:046% O

AP 3:084% 0649

\" 080% 053% 017%
AP 4:082% 007% 00 54% 080% 007%

NB 3 Online MDE, remove AP 5
Node 1 2 3 4 5 C
AP 1:097% 099% 097% 058% 067% 021%

AP 2:056% 098% 003% 094% 099% 006%
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AP 3:086% 096% 063% 089% 059% 006%

AP 4:099% 000% 000% 093% 099% 004%

F/Node 1 2 3 4 5 Clean

File01-Q0392 09600 08978 03735 04371 19048

File02=10432Q1082 0865

File03=10877 0

File04=05360 0

File05=0469 106 0150:

FileO€

Hit:10

4.5.2.2

NB 3 Offline MDE, re

Node 1 2 3

AP 1:094% 100% 091% 053% 061% 049%

AP 2:046% 096% 008% 093% 100% 028%

AP 3:084% 064% 100% 080% 053% 017%
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NB 3 Online MDE, remove AP 4,5

Node 1 2 3 4 5 C

AP 1:097% 099% 097% 058% 067% 021%

AP 2:056% 098% 003% 094% 099% 006%

AP 3:086% 096% 063% 089% 059% 006%

F/Node 1
File01=00115028 2254 0362
File02=0209 D 08598 0237
FileO
FileO4

File05= ‘g . l m

File06=0789 ) 09615 07138@Q138D

Hit:100%

4523

NB 3 Offline MDE, remove AP 3,4,5

Node 1 2 3 4 5 C

AP 1:094% 100% 091% 053% 061% 049%
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AP 2:046% 096% 008% 093% 100% 028

NB 3 Online MDE, remove AP 3,4,5

Node 1 2 3 4 5 C

AP 1:097% 099% 097% 058% 067% 021%

AP 2:056% 098% 003% 094% O

File010011) O 527 0360(

File04=0

File05=0323

Hit:100%

4524

NB 3 Offline MDE, remove AP 2,3,4,5

Node 1 2 3 4 5 C
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AP 1:094% 100% 091% 053% 061% 049%

NB 3 Online MDE, remove AP 2,3,4,5
Node 1 2 3 4 5 C

AP 1:097% 099% 097% 058% 067% 021%

F/Node 1 2 3 4 5 Clean

File01=00011 00028Q000» 01296 00711 05280
File02=0000Z0000» 00011 01764 01067 06188
File03=00036 0006 01111 00576 04900
File04=01935 02115 01877A0002» 00195 01024
File05=01295 01443 0124 00035 01600
File06=02303 02499 02240Q0075 00323 00784

Hit:50%

4.5.3

The results indicated that estimations were still with high precision when NBs were
placed at different locations while the precision declined as the amount of AP
decreased.
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5.1 Other Challenges

Signals are easily influenced by temperature, humidity and object locations, which

often result in refraction, reflex, transmission or diffraction. These results not only

add to the complexity of studying the signals changes in our survey. And the signal

delay collection. Therefore, there is still room for improvement.




5.2 Conclusion

Although this survey can detect and analyzed the changes of environment and

whether a human being is getting into a certain space, the variance of signals is so

unstable that incorrect output may lead to misjudgments. There is still room for

improvement to achieve reliable output.




6. References

[1] J. Hightower and G. Borriello. Location Systems for Ubiquitous Computing. Computer,

34(8):57-66, 2001.

[2] Dian Zhang; Ni, L.M. "Dynamic Clustering for Tracking Multiple Transceiver-free Objects"

Pervasive Computing and Communications, 2009. PerCom 2009. IEEE International Conference

on,9-13 March 2009.

[3] Moustafa; Youssef, Matthew Mah, and' Ashok Agrawala. Challenges: device-free passive

localization for wireless environments. In MobiCom’ 07:.Proceedings of the 13th annual ACM

international conference on Mobile computing and networking, pages 222-229, New York, NY, USA,

2007. ACM.

[4] Ronald Azuma, “Tracking requirements for augmented reality,” Communications of the ACM, Jul.

1995, Vol. 36, No. 7.

[5] Nissanka B. Priyantha, Anit Chakraborty, Hari Balakrishnan, “The Cricket Location-Support

system”, Proc. 6th ACM MOBICOM, Boston, MA, August 2000.

[6] D. Niculescu and B. Nath, "Ad Hoc Positioning System (APS) Using AOA," in IEEE INFOCOM, vol.

-42-



3, 2003, pp. 1734-1743.

[7] M. Addlesee, R. Curwen, S. Hodges, J. Newman, P. Steggles, A. Ward, and A. Hopper,

"Implementing a Sentient Computing System," Computer, vol. 34, no. 8, pp. 50-56, 2001.

[8] A. Savvides, C.-C. Han, and M. B. Strivastava, "Dynamic Fine-Grained Localization in Ad-Hoc

Networks of Sensors," in ACM/IEEE MOBICOM, 2001, pp. 166-179.

[9] J. Zhou, K.-K. Chu, and J.-Y. Ng, "Providing location services within a radio cellular network using

ellipse propagation model," in Advanced Information Networking and Applications, 2005. AINA

2005. 19th International Conference on, vol. 1, march 2005, pp. 559 - 564 vol.1.

[10] P. Bahl and V. N. Padmanabhan, "RADAR: An In-building RF-based User Location and Tracking

System," in IEEE INFOCOM, vol. 2, 2000, pp. 775-784.

[11] J. J. Pan, J. T. Kwok, Q. Yang, and Y. Chen, "Multidimensional Vector Regression for Accurate

and Low-Cost Location Estimation in Pervasive Computing,” IEEE Trans. on Knowledge and Data

Engineering, vol. 18, no. 9, pp. 1181-1193, 2006.

[12] T. Roos, P. Myllym™~aki, H. Tirri, P. Misikangas, and J. Siev'anen, "A Probabilistic Approach to

-43-



WLAN User Location Estimation," Int'l Journal of Wireless Information Networks, vol. 9, no. 3, pp.

155-164, 2002.

[13] J. Letchner, D. Fox, and A. LaMarca, "Large-Scale Localization from Wireless Signal Strength," in

Proc. of the Nat'l Conf. on Artificial Intelligence (AAAI), 2005, pp. 15-20.

[14] S.-P. Kuo and Y.-C. Tseng, "A Scrambling Method for Fingerprint Positioning Based on Temporal

Diversity and Spatial Dependency,"

IEEE Trans. on Knowledge and Data Engineering, vol. 20, no. 5, pp.

678-684, 2008.

[15] P. Enge, and P. Misra, “Special issue on GPS: The Global Positioning System,” Proc. of the IEEE,

pp. 3-172, Jan. 1999

[16] Sirin Tekinay, “Special issue on Wireless Geolocation System and Services,” I|EEE

Communications Magazine, April 1998.

[17] Roy Want, Andy Hopper, Veronica Falcao, and Jonathan Gibbons, “The Active Badge Location

System,” ACM Transactions on Information Systems, Vol. 10, No. 1, January 1992, pp 91-102.

-44-



[18] Paramvir Bahl and Venkata N. Padmanabhan, “RADAR: An In-Building RF-based User Location

and Tracking System,” IEEE Infocom 2000.

[19] Paul Castro, Patrick Chiu, Ted Kremenek, and Richard Muntz, "A Probabilistic Location Service

for Wireless Network Environments", Ubiquitous Computing 2001, Atlanta, GA, September 2001.

[20] BAHL, P., AND PADMANABHAN, V. N. RADAR: An In-Building RF-based User Location and

Tracking System. In IEEE Infocom 2000 (March 2000), vol. 2, pp. 75-784.

[21] BAHL, P.,, PADMANABHAN, V. N., AND BALACHANDRAN, A. Enhancements to the RADAR User

Location and Tracking System. Tech. Rep. MSR-TR-00-12, Microsoft Research, February 2000.

[22] M. Youssef and A. Agrawala. The Horus WLAN Location Determination System. In Third

International Conference on Mobile Systems, Applications, and Services (MobiSys 2005), June

2005.

[23] M. Youssef and A. Agrawla. The horus location determination system. ACM Wireless Networks

(WINET) Journal, 2007.

[24] M. Youssef and A. Agrawala. On the Optimality of WLAN Location Determination Systems. In

-45-



Communication Networks and Distributed Systems Modeling and Simulation Conference, January

2004.

[25] Moustafa Seifeldin and Moustafa Youssef. Nuzzer: A large-scale devicefree passive localization

system for wireless environments. Technical Report Wireless Intelligent Networks Center (WINC)

Technical Report WINC-TR2009-1007, 2009.

[26] CASTRO, P, .CHIU, P., KREMENEK, T., AND MUNTZ, R. A Probabilistic Location Service for

Wireless Network Environments. Ubiquitous Computing 2001 (September 2001).

[27] HAEBERLEN, A., FLANNERY, E., LADD, A., RUDYS, A., WALLACH, D., AND KAVRAKI, L. Practical

Robust Localization' over Large-Scale 802.11 Wireless Networks. In/10th ACM MOBICOM

(Philadelphia, PA, September 2004).

[28] KRISHNAN, P., KRISHNAKUMAR,'A., JU, W. H., MALLOWS, C., AND GANU, S. A System for LEASE:

Location Estimation Assisted by Stationary Emitters for Indoor RF Wireless Networks. In IEEE

Infocom (March 2004).

[29] LADD, A. M., BEKRIS, K., RUDYS, A., MARCEAU, G., KAVRAKI, L. E.,, AND WALLACH, D. S.

Robotics-Based Location Sensing using Wireless Ethernet. In 8th ACM MOBICOM (Atlanta, GA,

-46-



September 2002).

[30] ROOS, T.,MYLLYMAKI, P., TIRRI, H.,MISIKANGAS, P., AND SIEVANEN, J. A Probabilistic Approach

to WLAN User Location Estimation. International Journal of Wireless Information Networks 9, 3

(July 2002).

[31]M. Youssef, A. Agrawala, A. U. Shankar, and S. H. Noh, “A Probabilistic Clustering-Based Indoor

Location Determination System,” University of Maryland, College Park, Tech. Rep. UMIACSTR

2002-30 and CS-TR 4350, March 2002. [Online]. Available: http://www.cs.umd.edu/Library/TRs

[32] M. Youssef and A. Agrawala. Small-scale compensation for WLAN location determination

systems. In IEEE' WCNC 2003, March 2003.

[33] M. Youssef, A. Agrawala, and A. U. Shankar. WLAN location determination via clustering and

probability distributions. In IEEE PerCom 2003, March 2003.

-47-



