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Estimating and Visualizing the position range of a BLE tag

a) 2,b) 2,0)

Puuc Puan Lact Ryo NisHIDE HiDEYUKI TAKADA

Abstract:  When we lost something or search for things that are hidden in many similar things, such as a bicycle in the
parking lot, it is necessary to know the position information of those things. In order to know the position information

of the search target, there are some research works to detect an object by attaching a small size ID tag to the target
in advance and using indoor-positioning technology to estimate the position of that ID tag. However, because of the
narrow range of the ID tag’s signal, if the seeker is far away, the radio wave cannot reach the seeker device and it
becomes impossible to retrieve the position information of the target. We propose a method for estimating the position
range of a BLE tag using the devices brought by others who pass by the area of the target object with which a BLE tag
is attached. The estimated position range is also visualized as a heat map to support seeking an object. This method
enables a seeker to find a lost object at a distant place from that object’s location.

Bluetooth’ssignal strength of a BLE tag received by such users’
devices, it will be possible to estimate BLE tag’s position by the
In daily life, there are some situations where it is necessary to method described above.
grasp the position information of a particular object or person. In this paper, we propose a method for estimating the position
For example, when we lost something or search for things thatrange of a BLE tag using the devices brought by others who pass
are hidden in many similar things, such as a bicycle in the park- by the area of the target object with which a BLE tag is attached.
ing lot, or even find a victim in the disaster area, we need to know This method enables a seeker to find a lost object at a distant place
where the search target is. from that object’s location. Because estimating the specific posi-
If the search target is a mobile device which has cellular net- tion by calculating the distance between the devices and the ID
work, such as smartphones, it can send its own latjitodgitude tag is a low accuracy method, we estimate and provide to users
coordinate acquired by GPS to a seeker through the Internet.the position range of the ID tag instead of a specific position. The
Therefore, it is not dficult to search a lost mobile device. How- estimated position range is also visualized as a heat map to sup-
ever, in the case of objects without Internet connection, for exam- port seeking an object. In order to evaluate the usefulness of the
ple a usb memory stick, a key and a bicycle, we cannot grasp theirproposed method, we make some experiments. The results of ex-
position through the Internet. The solution for this problem can periments show that the proposed method is able to reduce the
be to attach a small size ID tag to the target in advance and usdime and &ort of users for seeking an object.
indoor-positioning technology [1][2][3][4] to estimate the posi-
tion of that ID tag [5][6][7][8]. However, because of the narrow
range of the ID tag’s signal, if the object is far away from the  Itis necessary to grasp the position information of things when
seeker, the seeker’s device cannot receive the radio waves of theve are looking for them. If the target which we are looking
ID tag. To solve that problem, we think of a method estimating for is a mobile device having Internet connection, we just sim-
the position of an ID tag by combining the coordinates of the mo- ply receive that device’s longitude and latitude acquired by GPS
bile devices carried by unspecified people who pass by the rangghrough the Internet. For example, an iPhone device always has
of the ID tag’s signal and the distance from those devices to the a built-in application called "Find My iPhone app”. When a user
ID tag. lost an iPhone device, that user can track the lost iPhone’s loca-
In recent years, BLE (Bluetooth Low Energy) is supported by tion through the Internet by other devices because the iPhone al-
many mobile devices such as smartphones. Therefore, the mobilavays sends its latitudengitude coordinate everytime it connects
device users do not care for the battery consumption by Bluetoothto the Internet. However, if the targeted object has no Internet
and often turn on their Bluetooth function anytime. Through the connection, we need another way to grasp its position informa-
_ ‘ — _ _ tion. One of the possible way is to seek the position range of
S:}?\?e‘ﬁfgyslf:sogsu’”fsor:gzt'soznsfgg‘;%gggnE”g'”ee””g’ Ritsumeikan 5 ID tag, which is atta_ched to the object. in advgnce, by using
2 College of Information Science and Engineering, Ritsumeikan Univer- the signal strength received by some devices which pass by the
o sity, Kusatsu, Shiga 525-8577, Japan ID tag’'s area. Below, we introduce some research works about
p-phan@cm.s.ritsumei.ac.jp finding an ID tag and their limitations.
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1. Introduction

2. Searching for an ID tag

1
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2.1 Related Works

One of the research works to find an ID tag is to support people
to search for an RFID tag attached to items which are mis-placed e
in a large warehouse [6]. Some RFID readers are deployed at
known positions to provide the position reference for position-
ing a tag. They are called "reference readers”. The system uses i

i _ Nosignal Area  / Signal

the distance measurements from at least 3 reference readers fc 0 . Area (((.)))
positioning a tag. Y

Because this system requires the reference readers to be place )
in known positions, it can only support seeking a tag in a known 15m
region. However, when a person loses something outdoor, the
lost thing is sometimes far away and sometimes that person ever - )
forgot where the lost thing’s place was. In this situation, the
seeker can request the people near the approximate location t
help searching the lost thing [9] or apply some useful search
strategies with the support of a technology [10]. However, track-
ing the position of objects will be the most useful way to search
for a lost thing. 2.3 Research purposes

Our research proposes a method which enables users to search In this research, we propose a method for estimating the posi-
for a thing even being in unknown and far away location by spec- tion range of a BLE tag by collecting the latityblngitude co-
ifying its position range. ordinate data of the device which enters the region of the BLE

Another research work has been conducted to support rescuingag and the RSSI (Received Signal Strength Indicator) value of a
victims from a disaster’s area [8]. In order to seek for victims who signal received from a BLE tag by that device. This method sup-
are carrying a beacon in the ski area, they use beacon-seekingorts people to find an object located outdoor which has a fixed
devices to detect if those devices could receive signals from theposition in an unknown location and is hidden in many similar
beacon. The rescuers are not supposed to know the specific pothings.
sition of the victims. They just do a simple task of going toward Based on the data collected by surrounding devices, we build

Fig. 1 Seeker’s device can not catch the signal from far away

the direction with stronger signals of the beacon. the heat map to visualize the possibility of whether the BLE tag’s
Our method supports users to know even where the search tarposition is on an specific area or not.
get located area is. We also evaluate the usefulness of the proposed method by
making some experiments in the case of the seeker finding an ob-
2.2 Problems ject with our method and the case of the seeker not being applied

The methods of the research works presented in section 2.1lour method.
have the same limitation. They do not engble people to seek.atags_ Estimating and Visualizing the position
far away from that seeker’s current location. Because the signal
area of an ID tag is generally small, in most cases, the seeker’s range of a BLE tag
device is outside of the signal area. For example, as seen in Fig- We propose a method for estimating and visualizing the posi-
ure 1, if the ID tag’s signal area is a circle of which radius is 15 tion range of a BLE tag as below.
metres, the seeker at 100 metres far from the ID tag cannot seek
the tag. Therefore, to apply those methods, first of all, the seeker3.1 Overview
has to approach the tagged object location. However, in the most  The latitude/longitude coordinates acquired by GPS of the mo-
situations, for example when people dropped things, lost thingsbile devices passing by the BLE tag’s signal area are used as ref-
or when rescuing a victim in the disaster area, the seeker do noterence positions. In order to estimate the position range of a BLE
know where to start seeking. tag in unknown location, first of all, it is necessary to estimate the

Our method solves this problem by using some mobile devicesrelative position range of the BLE tag in relation with a reference
with GPS passing by the signal area of the BLE tagged object toposition. The absolute position range of the BLE tag is speci-
collect the information which can be used for deriving the lati- fied by a combination of a reference coordinate and the relative
tudelongitude coordinate of the tagged object. The BLE tag is position range.
cheap and it can broadcast its ID for months without changing The relative position range can be estimated by the distance
the battery. Moreover, BLE is supported by many mobile devices measurements from multiple reference positions. The distance
such as smartphones. Because of low energy consumption, theneasurements of the BLE tag from a reference device has a cor-
mobile device users often turn on their Bluetooth function any- relation with the RSSI value of a signal transferred between the
time. Through the Bluetooth’s signal strength of a BLE tag re- BLE tag and the device [11]. Therefore, our method collects these
ceived by such users’ devices, it is possible to estimate BLE tag’sRSSI values and accumulates them in a server. The more data
position. The details of this method is presented in section 3. collected, the more accurate position range can be estimated.

When the absolute position range is estimated, it is visualized
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as a heat map for supporting a seeker to find a BLE tagged object
The way how to collect data, estimate the position range and
visualize that estimated position ranged as a heat map is presente :
beacon device
below. ] didEnterRegion . .
registerSession()
3.2 Collecting data from nearby devices o ____sessionNo______
Figure 2 depicts how data is collected for estimating the posi-
tion range of a BLE tag with this method. postData(lat1,Ing1,sessionNo,rssil)
== — e ———————
postData(lat2,Ing2,sessionNo,rssi2)
didExitRegion T
RSSI1
Request (((.))) Fig. 3 Accumulating data during a session
object’s info "~
0 — lected after a specified timestamp.
=} BLE - beacon
8 .5
00
J RSSI2
Searcher Server ;
x
4’&% t(s)

lat15,Ing15,t15,session1,RSSI15

. . . lat14,Ing14,t14,session2,RSSI14 l download ,
Fig. 2 Collecting data from nearby devices J Searcher’s

device

lat13,Ing13,t13,session1,RSSI13

A BLE tag always broadcasts its ID. If a mobile device such lat12,Ing12,t12,session3,RSSI12 |

as a smartphone enters the broadcasting area, it catches the si lat11,Ing11,t11,session2,RSSI11
nal of the BLE tag and the RSSI value is updated each second.
We found that when the mobile device exits and re-enters that
area, the RSSI value of the same position updates with more er- o
ror than when the mobile device continuously in the signal area.
Therefore it is necessary to divide the RSSI data set to multiple
sessions. Each session starts when the mobile device enters the
signal area and ends when it leaves that area. During a session,
those devices start catching the signal of a BLE tag and send-
ing to the server the data for that BLE tag. Each data combina-3 3  Estimating the position range

tion contains the device’s latitudengitude coordinate, the RSSI The relation between a distanBefrom a device to a BLE tag

value and a session number generated for that device. The latyngRS S value is expressed as the equation (1) [1&]is the
itudelongitude coordinate is acquired by GPS. The RSSI value Rgs) value at 1 meter distandé.is the slope.

presents the strength of the signal transferred between BLE tag

and the device. When the searcher needs to estimate the posi- RSSI= —KInD + A (1)

tion range of the BLE tag, that searcher’s device receives from ) ) )

the server the accumulated data and processes them at its local From the equathn (l_)' ”‘a"'”9 some conversions, we have the

environment. We describe how to process that data for estimatingequ""tIon (2) for estimating the distance from R® S value.

the position range in section 3.3. (A-RSS)
Figure 3 describes how to accumulate data during a session. D=e"¥ @

When a device entered the area which has BLE tag’s signal, The equatior{2) is an exponential function with fierent con-

that device sends to the server a request to obtain a new sesstantsA andK for each environment. Therefore, when estimat-

sion number. The server generates a session number and rang distance from RSSI, it is necessary to collect a lot of RSSI

sponses that new session number to the device. Everytime thesamples at multiple distances and use the collected data and re-

latitudeglongitude pair or the RSSI value is updated, the device gression model to find the best fit exponential function for each

sends the new data combination to the server. When the devicesnvironment.

left the signal area, the session is closed. If the distance of a BLE tag from many positions can be esti-
Data is accumulated on the server as described in Figure 4 mated, the relative position of that BLE tag in relation with the

For each data combination, the server automatically adds a times<device’s position also can be estimated. By combining this rela-

tamp. Searcher’s device is able to request an amount of data coltive position with the latitudéongitude coordinate of a specified

lat0,Ing0,t0,session3,RSSIO0

Fig. 4 Data accumulation
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nearby device, the latitude/longitude coordinate of the BLE tag
can be estimated.

As seen in Figure 5, for the estimated relative position
(Alat, Alng) and the device’s positiordtl,Ingl), the BLE tag's

latitudelongitude coordinate are calculated by the equations be- Pi(lat,Ing)
low.
lat = lat1 + Alat (3a) £ (device)
Ing = Ingl + Alng (3b) P
0 d Di di(lat,Ing)
latitude
BLE tag Fig. 6 Probability distribution
lat ,’
d1
Alat
dev,-ce/,x"' We divide the displayed area of a map to multiple tiny cells (15
L R L cm x 15 cm for each cell) and assign a weight value for each cell.
| The weight value expresses the possibility whether the position
of the BLE tag is inside this cell. Every position which is inside
5 a cell has the same weight value. The weight value of a position
0 Ing1'—————— Ing longitude is calculated by the equation (5) as a sum of all average values of
4lng Pi for every session numbeRi is the probability value which is
) o ) . ) » calculated from an accumulated data combination by the equation
Fig. 5 Estimating BLE tag’s latitude and longitude from relative position )
An indoor environment makes the latityltmgitude coordi-
nate (atl,Ingl) which is acquired by the GPS service become ) sections n Pi(lat, Ing)
weight = _— 5)

inaccurate. Therefore, our method is only applied for devices in - n
outdoor environment.

Besides, positioning system which uses RSSI is inaccurate be- Finding the weight value for all cells, then we get the weight
cause of the unreliability of RSSI value [12][13][14][15]. Be- matrix. Figure 7 is an example of a weight matrix. The vertical
cause the probability of the hypothesis "the BLE tag is placed - horizontal axis expresses the latitude and longitude. The cells
on d (metres) far from position” follows normal distribution filled in red are the positions where a device sent its own position
(Gaussian distribution)[16], that probability is calculated by the and the RSSI value received from the BLE tag. Each cell filled in
equation (4). The positiohhas the latitudéongitude coordinate  red is surrounded by a circle which expresses the median of prob-
(lat, Ing) where a device detected BLE tag'’s sigriilis the prob- ability distribution. Because the probability distribution graph is
ability of the hypothesisdi is the distance from the positiario symmetric, a position near the median value (corresponding to
the position where the probability of the hypothesis is being esti- the arcs in Figure 7) has higher probability value. Therefore, a
mated.Di is the value of distancéi where the probability of the  position near multiple arcs has a high weight and also high pos-
hypothesis is the highest. sibility for the existence of the targeted BLE tag (the red float

number in Figure 7).

1 di(lat, Ing) — D;)? S .
Pi(lat, Ing) = o ex _(d( 2092) ) ) 4) 3.4 Visualizing the position range
2no Based on the weight matrix, each cell is filled with a color
Figure6 shows the graph of the probability distribution. on a map. As shown in Figure 8, we use 12 color levels from

Actually, the distance value which is calculated by the equa- green to red. Considering the highest weight in all positions cor-
tion (2) is just the median valugi of the probability distribution. responding to level 12, every weight value is converted to scale
That median value indicates a set of positions (a circle as seen inl2. For example, if the highest weight value in all positions is 4,
Figure 6) which are the most possible position. the weight value of every position is scaled to 12= 8 (times).

Because of the low accuracy, for supporting people to find a The value after scaling is the color level of the cell. The higher
thing, it's more useful if we provide and visualize the possibil- color level, the higher possibility for the targeted BLE tag can be
ity of every visible position on a map than just showing the most found.
recommended position.
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A 1
latitude m InD = R — RRSS (6)

0.93|1.06 }/2/1 136] 1.5 [1.61 146>'\L73 1.72]1.66(1.54|1.39 1}2\ l.(}\ 0.92 lf aSSigningy = ln D andx = RSSJ the equation (6) has the

1.12| 1.33] 1.56 | 1.82 | 1.98] 1.99 | 302 [ 2.05] 2.09] 2.11 | 2.06 | 1.80 [ 1.59 | e | D1 formaty = B + Cx. Therefore, the relation betweenDnand
13668 202|206 ] 1.9 |1.93 /217242 Ng8[ 176 1.78]2.03] 2 [1.60.35 RS S lis linear. To find the best fit curve for the equation (2), first
1.69]2.01]1.79] 147|134 | 1.44/| 1.73[ 1.48 ] 1.5%[ 133 | 1.27 | 1.48 [ 1.92 [ 1.86 | g6 o ) ) ; )

19| 1.86]1.38]1.07]0.96| 1.1 [1.14[ 0.89 | 0.94) 1.2 [ 1.04] 1.2 |1.63] 1.82] 1.6%) of all, it is necessary to fit ID againsiRS S lby linear regression
.86 1.65[1.17 085 [0.73[0.86| 1 |05 [0.81 316 [N 110 [ 161 1.67] 1.57 with the samples of ID andRS S Ishown in Table 1 and 2.

1.75]1.64|1.15|0.82|0.67 O.7b 1.04{1.07|1.12|1146|1.28|1.43|1.68|1.47|1.44
162(1.72 1433-0.81 O.7§ 0.97]1.32]1.81|182]| 1.7 [1.48]1.33|1.29)|1.34

152|149 1.57]1.36 [ 1.15] 1.1\ 12 |140]2a3] 3 | 12 |115|11a]118[ 128 Table 1 RSSI values in no-obstacle environments
1.48(1.37(1.32|1.31| 1.3 [1.28 }\22 1.14[1.06({1/01| 1 [1.01|1.06|1.16 J/3 distanceD (m) InD awerage RSSI (dB)
1.32]1.36(1.25|1.17|1.11|1.05| 1\]0.96|0.93 ({92 095| 1 ]1.09]1.21/1.27 0.1 -2.3026 -37.03
1.11]1.31| 1.3 |1.19| 1.1 |1.03/0.98 0.95//0.96/1.01|1.08|1.19  ¥28|1.08 1 0 -64.93
0.93]1.07/1.22/1.32|1.22|1.14|1.09|1.07 | I* 1.1 115 1.2,4,/1{ 1.04|0.91 2 0.693 -73.3
0.78]10.87|0.97|1.08|1.17|1.25|1.29|1.27 1/{7 1.24]1.16|1.060.96|0.86|0.76 ‘3‘ igggg _;gg;
\ \ > longitude / 5 1.6094 -81.8
6 1.7918 -84.1
Fig. 7 Weight-matrix 7 1.9459 -86.53
The Most s sofisank 16 8i53 © 1% 100% M seses SoftBank 4G 1318 © 7% so M Table2 RSSI valuesin bicyc|e_parking area
. 172.20.10.4 [ 172.20.10.4 4
possible Color distanceD (m) | InD | awerage RSSI (dB)
area ibeacon_major_number : ﬂ ibeacon_major_number: (] a2 0.1 2.3026 2113
ibeacon_minor_number : (z ) ibeacon_minor_number : (z ] level 1 . 0 68‘ 6
Cosam) 12 -06.
2 0.6931 -73.23
: 3 1.0986 -80.97
Device’s 5 @ 4 1.3863 -83.47
position &= : - z 5 1.6094 -85.8
F 9 : 6 1.7918 -86.73
9 7 1.9459 -87.9
? ?
= : 9 \ 9 : % The equationg7) and (8) are respectively the results of lin-
+ Y + ear regression with the samples ofirandRS S lin no-obstacle
Gosgle —— e e _— environments and bicycle-parking area.
il i G ik § .
¢ RN o Lo e In no-obstacle environments:
Fig.8 Heat Map InD = —0.086RS S |- 5.558 (7)

e In bicycle-parking area:
4. Experiments and Evaluation

INnD = -0.08RS S I-5.999 (8)
4.1 Pre-experiments for estimating the trendline of distance
4.1.1 The purposes and processes of experiments Figure 9 and 10 show the best fit lines ofdrin the two envi-
Because the relation between distance and RSSI value also de®°hments.
pends on the environment around the BLE tag, the constants
and K in the equation (2) are different for each environment. no-obstacle environments 3
Therefore, we make experiments for specifying the trendline 5
function of distance in each environment. Without these exper- \ 1
iments, the proposed method cannot estimate distance based on \ 0 =
RSSI values. In each environment, we measure and record RSSI 1008060 40201 20E
value when device isin 0.1, 1, 2, 3, 4, 5, 6, 7 metres away from In(D) = -0.086RSS1 - 5.558 "\ :
the BLE tag. In this study, we repeat this measurement 30 times
in each of no-obstacle environments and bicycle-parking area. \:
Based on the results, we use the regression model to derive the :\
exponential trendline of distance.
412 Results Rest (dB)
Table 1 and 2 respectively show the results of experiments in Fig. 9 Fitting InD againsiRS S I(no-obstacle environments)

each of no-obstacle environments and bicycle parking area. For

each distance, we calculate the average RSSI value of 30 times By taking exponent of both sides, the equation (7) and (8) can

and use this chain of average RSSI values to derive the best fitbe respectively converted to the equation (9) and (10) which are

curve for the equation (2). This curve is an exponential trendline. the best fit curves to calculate the distance in two environments.
The equation (2) can be converted to the equation (6). ¢ In no-obstacle environments:
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We separately do experiments for 3 times at 30 outdoor places
in our university campus where there is no obstacle. At each

bicycle-parking area

w

\ 2 place, we set a BLE tag and then move with a device randomly
. 1 around that BLE tag in one minute. After that we record the color
100 80 \“ w2 4 2 g level of the position where the BLE tag is actually placed.
) 4.2.2 Results
\ . Table 3 shows how many times the BLE tag is placed on each
In(D) = -0.089RSSI - 5.999 4 color level. The average color level of the position where the BLE
5 is actually placed is 6.71.
RSS! (dB) ’ Table 3 The number of times which the BLE tag is placed on each color
level
Fig. 10 Fitting InD againstRS S I(bicycle-parking area) Colorlevel T thenumber of imes

0 2
1 3
D = 0.0036e008RSS! 9) 2 5
3 4
e In bicycle-parking area: 4 4
5 8
6 12
D = 0.0025¢%08RSS! (10) 7 12
. . . . 8 12
Figure 11 shows the exponential trendline for two environ- 9 16
ments. 10 5
The results show that the RSSI value is stronger when there E (7)

is no obstacle. Based on the trendline, the median vAiuef

the probability distribution in the equation (4) can be calculated.

Therefore, the weight value of a position which expresses the pos-  gasedon the results shown in Table 3, the distribution of each

sibility whether that position is the position of the BLE tag can ., or level is caculated and shown in Figure 12.

be estimated. Based on the matrix of those weight values, the 1. gLE tag was not positioned in any area of color level 12

heat map can be built for visualizing the possibility of whether because that area is always very narrow and it is vefficdit for

the BLE tag is placed on a specific area or not. any position estimation to be absolutely accurate. The percentage

for the BLE tag placed in the area of color level 0 (no color) is

just 2%. This is the case when the estimated position was very in-

accurate. The pie graph shows that the percentage of color level

\ D = 0.0036e-0.08685S! 6 or higher in total is over 70%.

&R This result shows that while searching a BLE tag, it is more
effective if the seeker first probes the tag in the area where the

X\ color level is higher than or equal to 6 before probing the tag in

-\\ R = bicycle-parking the other area.

\ 1
D = 0.0025e 089N
Colorlevel 12~

-100 -50 0
RSS! (dB)

o]

~N

(e}

(6,

+ no obstacle

Dsitance (m)

S

N

[er]

Fig. 11 Exponential trendline of distance /

18%

4.2 Pre-experiments for finding a search strategy

4.2.1 The purposes and processes of experiments
We make experiments to understand how to apply the proposec e

method usefully in the situations of searching an object with a

BLE tag attached. In other words, we make experiments to find

a useful strategy to search an object with the support of the pro-

posed method. Specifically, we investigate how frequently the Fig. 12 Percentage of each color level

BLE tag is found for each color level. These experiments are also

for checking if the designed system works properly.

1
1
71% |
:
1
1

~~
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4.3 Experiments for evaluation of the proposed method Both the student B and the student F did not find out the bicy-
4.3.1 The purposes and processes of experiments cle more &ectively in case 2 because the bicycle was not actually

We also make experiments for evaluating the usefulness of thisplaced at any area with the color level higher than or equal to 6.
method when it is applied in a strategy for searching an object

attached with a BLE tag. Table 4 The results of experiments for evaluation of the proposed method
. Six graduate studgnts in Fomputer science are choser? as sub e Y square (colofevels 6) (%)
jects. They have to find a bicycle from about other 800 bicycles [“studentA | 2 min51 sec 43 sec 14.2
in a 25 m x 15 m parking area. These bicycles are separated to ¢ studentB 20 sec 59 sec 18.44
i in Ei 13 studentC| 2 min41 sec 49 sec 22.73
IN€s as seen in Figure 1. studentD | 1 min23 sec 21 sec 16.41

studentE| 1 minl19 sec 32 sec 14.22

studentF| 1 min49sec| 1minllsec 12.22

Bicycle parking area (about 800 units)

4.4 Discussiorand Evaluation
When we apply the proposed method and probe the area with

the color level higher than or equal to 6, the students found out the
targeted bicycle very quickly in comparison with the case when
they are not applied the proposed method.

15m In the case of the students not being applied the proposed
method, they even could not realize that they were passing the
area where the bicycle was placed. That is the reason why it took
so much time to find out the bicycle without being supported by

the method.
25m Besides, because the area with the color level higher than or
equal to 6 is narrow, it takes les&@t for finding out an ob-
Fig. 13 Experiment place ject with this method. However, sometimes the proposed method

takes the student more time to find out the object when that object

Before doing the experiments, every student sees the targeteds not actually placed in the area with the color level higher than
bicycle. After the students remember the characteristics of theOr equal to 6.
targeted bicycle, the students leave the experiment place, then Requiring a derivation of the exponential trendline of distance
that bicycle is hidden at somewhere in the parking area. Eachfor each environment is one of the limitations of this method. Be-
student is requested to find the targeted bicycle in two cases. Wecause each environment has fiehent relation between distance
record the total time starting when the student starts searchingdnd RSSI, there is no generic exponential trendline of distance
and ending when the targeted bicycle is found in both two cases. Which can be used for estimating the distance in any environment.
e Casel 5
- The students do not use the method proposed in this paper.
e Case?2 We proposed a method for estimating the position range of a
- A BLE tag is attached to the bicycle and the targeted bicy- BLE tag by collecting the coordinate data of the device which
cle is hidden once again. The distance from the target bicycle enters the region of the BLE tag and the RSSI value received
to a place where the student starts searching is the same witfrom the BLE tag by that device. Based on the data collected by
case 1. surrounding devices, we build the heat map to visualize the possi-
- A device is moved randomly around the bicycle in one bilities of whether the BLE tag lay on a specific area or not. This
minute to accumulate position information of the BLE tag. Method is useful to support finding things outdoor which have
- The student uses the visualized heat map and probes the bifixed-position, and hidden in many similar things.
cycle in the area where the color level is higher than or equal  However, the proposed method has some limitations such as

Conclusions and Future works

to 6. requiring a derivation of the exponential trendline of distance for

- I the bicycle is not found, the student continues finding in €ach environment. In future, this method needs to be improved

the area where the color level is lower. for increasing the accuracy of the estimation and supporting users
4.3.2 Results to find a moving object.

The result of experiments is shown in Table 4. The result shows
that when applied the proposed method, most students reduced 2References
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