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Abstract 

A location-based service (LBS) cannot be realized unless solutions of the positioning 

problem are available at hand. For the outdoor positioning, GPS based practical solutions 

have been introduced. Using GPS they have developed so many commercial LBS systems. 

Navigation, logistics, troop management and fleet management are all examples of LBS. LBS 

is so useful that it should be available in doors. However, GPS signal is so weak inside 

buildings that we cannot determine the location of a moving object in doors with GPS only. 

Therefore, so many indoor positioning researches have been performed. Cricket, Active 

Badge and BAT are pioneers in the field of indoor positioning. They are very accurate but 

they require special equipments dedicated for positioning. Using special equipments is not 

economical. Therefore, many researchers have suggested using wireless local area networks 

(WLAN) in positioning. Among the methods they are using, the fingerprinting methods are 

most accurate. The deployment of the fingerprinting methods consists of two phases: the off-

line phase and the on-line phase. During the off-line phase a site-survey of the received signal 

strength indices (RSSIs) from access points (APs) is performed. The vector of the RSSI values 

at a point is called the location fingerprint of that point. A lot of location fingerprints must be 

collected at each of the points in the site during the off-line phase. This is extremely tedious 

and time consuming. An alternative choice is the trilateration method. This method converts 

RSSIs from APs into distances and determines the location of the moving object with the 

distances and the locations of the APs. That is, we only need the coordinates of the APs in the 

site to get ready to run the trilateration positioning program. The conversion rule of RSSIs 

into distances is based on the RF propagation loss model. The model is a simple 

mathematical expression representing the relationship between the RSSI and the distance. 

However, the RSSI is influenced by obstructions, reflections and multipath and the RF 

propagation loss model is very erroneous. As a result, WLAN based trilateration is much less 

accurate than the fingerprinting method. Nevertheless, the trilateration method could be more 

practical than the fingerprinting method because it does not require the time consuming off-

line phase process. Therefore, they established IEEE 802.15.4 A where the distance is 

determined by the speed of RF and TOF (Time of Flight). Ubi-nanoLOC mote complies with 

IEEE 802.15.4 A. This paper discusses the advantages and disadvantages of the WLAN-based 

trilateration indoor positioning and the Ubi-nanoLOC indoor positioning draws our final 

conclusions. 
 

Keywords: indoor positioning, location based service, trilateration, time of flight, received 

signal strength 
 

1. Introduction 

A location-based service (LBS) cannot be realized unless solutions of the positioning 

problem are available at hand. For the outdoor positioning, The Global Positioning 
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System (GPS) based practical solutions have been introduced. Using GPS they have 

developed so many commercial LBS systems. Navigation, logistics, troop management 

and fleet management are all examples of LBS. LBS is so useful that it should be 

available in doors. However, GPS signal is so weak inside buildings that we cannot 

determine the location of a moving object in doors with GPS only. 

Therefore, so many indoor positioning researches have been performed. Active 

Badge [1], which involves positioning by sensing infrared signal, Active Bat [2] and 

Cricket [3], which involve positioning by using the difference between the propagation 

times of ultrasound and RF signals are pioneers in the field of indoor positioning. They 

are very accurate but they require special equipments dedicated for positioning. Using 

special equipments is not economical. Therefore, many researchers have suggested 

using wireless local area networks (WLAN) in positioning. Among the methods they 

are using, the fingerprinting methods are most accurate [4-13]. 

The deployment of the fingerprinting methods consists of two phases: the off -line 

phase and the on-line phase. During the off-line phase a site-survey of the received 

signal strength indices (RSSIs) from access points (APs) is performed. The vector of 

the RSSI values at a point is called the location fingerprint of that point. A lot of 

location fingerprints must be collected at each of the points in the site during the off-

line phase. This is extremely tedious and time consuming.  

An alternative choice is the trilateration method [14, 15]. This method converts 

RSSIs from APs into distances and determines the location of the moving object with 

the distances and the locations of the APs. That is, we only need the coordinates of the 

APs in the site to get ready to run the trilateration positioning program. The conversion 

rule of RSSIs into distances is based on the RF propagation loss model. The model is a 

simple mathematical expression representing the relationship between the RSSI and the 

distance. However, the RSSI is influenced by obstructions, reflections and multipath 

and the RF propagation loss model is very erroneous. As a result, WLAN based 

trilateration is much less accurate than the fingerprinting method.  

Nevertheless, the trilateration method could be more practical than the fingerprinting 

method because it does not require the time consuming off-line phase process. 

Therefore, they established IEEE 802.15.4 A where the distance is determined by the 

speed of RF and TOF (Time of Flight). Ubi-nanoLOC mote complies with IEEE 

802.15.4 A. This paper compares the WLAN-based trilateration indoor positioning 

against the Ubi-nanoLOC indoor positioning. 

 

2. Related Works 

This paper compares the WLAN-based trilateration indoor positioning against the 

Ubi-nanoLOC indoor positioning. Therefore, WLAN-based indoor positioning 

techniques and Ubi-nanoLOC indoor positioning are summarized in this section. We 

have already published research papers about these topics: Improvement of WLAN-

based indoor positioning with Kalman filter [18] and Improvement of Ubi-nanoLOC 

indoor positioning with Kalman filter [19]. Considering the results of [18] and [19], this 

paper discusses WLAN-based indoor positioning and Ubi-nanoLOC indoor positioning. 

 

2.1 Fingerprinting Methods 

The K-NN (K Nearest Neighbors) [4], Bayesian [10, 16] and decision tree [9, 17] 

methods are representative techniques used in fingerprinting positioning and they are 

briefly summarized in this section  
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2.1.1 K-nearest neighbors [18]: In K-NN, we build a look-up table in the first phase, or 

off-line phase. The entire area is covered by a rectangular grid of points called 

candidate points. At each of these candidate points, we measure the RSSIs many times. 

Let RSSIij denote the j-th received signal strength indicator of the signal sent by APi. A 

row of the look-up table is an ordered pair of (coordinate, a list of RSSIs). A coordinate 

is an ordered pair of integers (x, y) representing the coordinates of a candidate point. A 

list of RSSIs consists of five integers, RSSI1, RSSI2 ..., where RSSIi is the average of 

RSSIij received at (x, y) and sent by APi. An example of a look-up table is shown in 

Table 1. 

In the second phase, or on-line phase, the positioning program gathers the RSSIs the 

user receives at the current moment. If the positioning program is running on the user‟s 

handheld terminal, then the terminal itself will collect the RSSIs. For example, let X=(-

40, -56, -54, -69, -66) be the vector of the collected RSSIs. K-NN, then examines the 

look-up table and finds the closest candidate point in terms of Euclidean distance. For 

example, Euclidean distance (ED) between X and CP1 is: 

ED = ))6766()7069()5654()5556(39)- - (-40 22222  . 

Among the three candidate points in Table 1, CP2 is the closest one. Once K-NN 

finds the closest one, it returns the candidate point as the user‟s current location. If K 

equals 2, then it will find the two closest candidate points and return the average of 

their coordinates as the user‟s current location. 

Table 1. An example look-up table of K-NN ( iCP  are the coordinates of the i-th 

Candidate Points, and APi is the MAC address of the i-th AP) 

AP 
Candidate 

 Points 

AP1 AP2 AP3 AP4 AP5 

CP1 -39 -55 -56 -70 -67 

CP2 -40 -56 -55 -69 -66 

CP3 -44 -42 -62 -45 -61 

... ... ... ... ... ... 

 

2.1.2 Bayesian classification method [18]: Let 
)...,,,( 21 nxxxX 

 be the vector of collected 

RSSIs. The positioning program will predict that the user‟s position is iCP
 if 

ijmjforXCPPXCPP ji  ,1)|()|(
, where, m is the number of candidate points. 

According to Bayes‟ theorem, 
)(

)()|(
)|(

XP

CPPCPXP
XCPP ii

i 

. As P(X) is constant for all 

classes, only 
)()|( ii CPPCPXP

 need be maximized. A positioning system using the Bayesian 

classification method finds the iCP
 that maximizes 

)()|( ii CPPCPXP
, and returns it as the 

user’s position [11].  

 

2.1.3 Decision Tree [18]: In the off-line phase of the decision tree method [17], we build 

a decision tree with the training data. An example training data set is shown in Table 2. 

Table 2 is similar to Table 1. The only differences are 1) the RSSIs are not averages, 2) 
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the RSSIs are discretized into classes. The number of classes for a given training data 

set can be decided by the following expression: )2/(log)(log1 nk  , where k  is the 

number of classes and n  is the number of measurements made at a candidate point. 

However, our experiments showed that 5k  is appropriate. A class can be represented 

as an interval. An example discretizing policy can be }30|{1  xxI , 

}3040|{2  xxI , }4050|{3  xxI , … . 

Given a set of training data, the decision tree method constructs a decision tree as 

follows. We compute I, or the expected information needed to classify a given sample, 

with the following expression: 





m

i

iim ppsssI
1

221 )(log),...,,( , 

where m is the number of candidate points, s  is the number of tuples in the training data set 

(rows of Table), is  is the number of rows of training data set in class iCP , and 
s

s
p i

i  . 

Then, we compute the entropy, or expected information based on the partitioning of 

the training data set into subsets by kAP . Let kAP  have v distinct values, 

}...,,,{ 21 vaaa . kAP  can be used to partition S into v subsets, }...,,,{ 21 vSSS , where jS  

contains those samples in S that have the value ja  of kAP . Let ijS  be the number of 

samples of class iCP  in a subset jS . The entropy )( kAPE  is given by 

).,...,(
...

)(
1

mjij

v

j

mjij

k ssI
s

ss
APE 




  

Finally, we compute the information gain G( kAP ) by the following expression, 

)()...,,,()( 21 imk CPEsssIAPGain  . 

We then create a node for the decision tree and label it kAP , where 

APsofnumberiforAPGainAPGain ik  1)()( . For each ja  of kAP , we build a 

reduced training data set and recursively repeat the above process to create child nodes 

until the training data set is empty or the CP values of all of the rows are the same.  

Table 2. Example training data tuples ( iCP  are the coordinates of the i-th 

candidate point, APi is the MAC address of the i-th AP, and I stands for 
interval) 

AP 
Candidate 

 Points 

AP1 AP2 AP3 AP4 AP5 

CP1 I2 I1 I2 I5 I5 

I1 I1 I2 I1 I1 

... 

CP2 I3 I2 I3 I1 I2 

... 

... ...     
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2.2 Trilateration [18] 

If we measure N ranges, Nrrr ...,,, 21  from N base stations, 

1 1 1 1( ) , , ( )T T

N N N Nn X Y Z n X Y Z   to a mobile terminal, ( )Tm x y z  as shown 

in Fig. 1, then we can estimate the coordinates of m  by using trilateration. By squaring, 

we can obtain the following expression for 
2

ir :
 
 

2 2 2 2( ) ( ) ( ) , ( 1, 2,..., )i i i ix X y Y z Z r for i N      
 

 

 

Figure 1. A Diagram to Illustrate Trilateration 

By subtracting 
2

1r  from 
2( 2, , )ir i N , we have bxA
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When the coordinates are 3 dimensional, we need to have at least 4 base stations. 

Applying the MMSE (Minimum Mean Square Error) method, we can estimate the 

location of m , x̂ , with the following position estimates: 

1ˆ ( )T Tx A A A b  --------------- (1) 

 

3. Implementation  
 

3.1 WLAN-based Trilateration 

We implemented the trilateration on a laptop equipped with an Intel(R) 

PRO/Wireless 2200BG Network Connection LAN card. We used Microsoft Visual C# 

2005 as our development tool. We measured the RSSIs at a certain point in the test bed 



International Journal of Multimedia and Ubiquitous Engineering 

Vol. 7, No. 2, April, 2012 

 

 

226 

 

many times at different moments as shown in Table 3. The first row of the table 

indicates that RSSI value was -84 when we scanned WLAN card at 17:00 Jan/26
th

, -81 

when we scanned it at 18:00 the same day and so on. 

For each of the APs, we scanned RSSI values 300 times at every 1m from the AP and 

obtained the average of them. An example result of these experiments is shown in Table 

4.  

Using the values in Table 4, we can find the relation of the distance and RSSI as 

shown in Figure 4. Using the expression shown in Figure 4, we obtain the distance from 

the measured RSSI.  

Table 3. Example RSSI Values Scanned at Different Moments  

MAC 

Address 

Jan/26 

17:00 

Jan/26 

18:00 

Jan/26 

19:00 

Jan/26 

16:00 

Jan/27 

17:00 

Jan/27 

18:00 

Jan/27 

17:00 

Jan/27 

18:00 

Feb/01 

15:00 

F6:B0 -84 -81 -80 -83 -84 -84 -83 -84 -84 

BA:40 -75 -76 -75 -76 -76 -75 -75 -75 -78 

F6:C0 -47 -51 -48 -48 -49 -48 -50 -51 -48 

BA:D0 -82 -79 -81 -80 -77 -77 -80 -80 -80 

D9:A0 -84 -81 -81 -85 -84 -84 -83 -83 -84 

FB:50 -67 -69 -69 -71 -69 -67 -74 -71 -71 

FB:C0 -92 -91 -93 -92 -92 -92 -91 -92 -94 

DB:30 -94 -87 -90 -90 -91 -93 -91 null -91 

BB:F0 -95 null null -91 null -96 -96 -96 null 

DA:30 -92 -90 -89 -94 -87 -90 -89 -87 -86 

C6:10 -95 -96 -96 -97 -96 -96 null null null 

 

Table 4. The Average of RSSI Values Scanned at Different Distances 

distance RSSI value distance RSSI value distance RSSI value 

1m -42 9m -57 17m -73 

2m -48 10m -60 18m -76 

3m -52 11m -59 19m -77 

4m -49 12m -62 20m -74 

5m -53 13m -66 21m -76 

6m -52 14m -66 22m -77 

7m -52 15m -69 23m -78 

8m -54 16m -72 24m -80 
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y = -12.1ln(x) - 33.66
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Figure 2. Relation between Distances and RSSIs 

The structure of our program determining the location of the mobile terminal, M, by 

evaluating (Expression 1) is shown in Fig. 3. When the user clicks the button, “Where 

am I?”, Position_Click() is invoked. It invokes GetRSSI() to obtain the strengths of the 

signals from the APs. GetRSSI() invokes two functions: getApList() to obtain the list of 

all APs in the site and StartAPScan() to scan RSSIs. 

RSSIForm_Load() loads the form of the user interface. Once Position_Click() 

obtains RSSI values, it invokes Calculation_Distance() with the RSSIs as parameters. It 

calculates the distances using the trend curve. Triangular_Surveying() determines the 

location of the user by evaluating (1). In the process of evaluating (1), 

Triangular_Surveying() utilizes the Inverse() function. We implemented Inverse() using 

Laplace‟s cofactor expansion. Location_Print() marks the user‟s position on the 

picture_box.  

 

 

Figure 3. An Event Flow Diagram of our Trilateration based Positioning System 
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Our trilateration program requires MAC addresses and coordinates of all APs in the 

site. We recorded this information in a file named APPosition as shown in Table 5. 

Table 5. An example APPosition, a list of MAC addresses and coordinates of all 
APs 

FILE APPosition 

00:13:5F:57:C4:70 : x, y, 731.25, 1057.24, 

00:13:5F:57:C0:00 : x, y, 2193.75, 1057.24, 

00:13:C3:9C:01:F0 : x, y, 3445.31, 1117.66, 

00:13:80:A9:DA:30 : x, y, 4640.63, 1918.14, 

00:13:C3:9B:F6:B0 : x, y, 6932.81, 1117.66,  

00:13:C3:9B:F6:C0 : x, y, 6637.5, 2250.41, 

00:13:C3:9B:FB:50 : x, y, 6637.5, 3700.34, 

Our implementation of the WLAN-based trilateration is shown in Table 6. 

 

Table 6 Our implementation of the WLAN-based trilateration 

Trilateration(int index, int value) { 

1) double A[][] = new double[value][3]; 

// A in expression 1 

A[i][0] = 2*(apX[i+1] – apX[0]); 

…  

A[i][2] = 2*(apZ[i+1]-apZ[0]); 

 

2) double b[] = new double[value]; 

//b in expression 1 

B[i] = Math.pow(apX[i+1], 2) – Math.pow(apX[0], 2) 

… 

-Math.pow(dist[i+1], 2) + Math.pow (dist[0], 2); 

3) double T[][] = new double[3][value]; 

// A
T
 in expression 1 

T[0][i] = A[i][0]; 

… 

T[2][i] = A[i][2]; 
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4) double Matrix[][] = new double[3][3]; 

// (A
T
A) in expression 1 

Matrix[i][j] = Matrix[i][j] + T[i][k]*A[k][j]; 

 

5) double D; 

// Discriminant of the inverse 

D = Matrix[0][0] * Matrix[1][1] * Matrix[2][2] 

   … 

    +Matrix[0][2]*Matrix[1][0]*Matrix[2][1] 

    -Matrix[0][2]*Matrix[1][1]*Matrix[2][0] 

    … 

-Matrix[0][0]*Matrix[1][2]*Matrix[2][1]; 

 

6) double Inv[][] = new double[3][3]; 

// (A
T
A)

-1
 of expression 1 

Inv[0][0] = (Matrix[1][1]*Matrix[2][2] – Matrix[1][2]*Matrix[2][1])/D; 

Inv[0][1] = -( Matrix[0][1]*Matrix[2][2] – Matrix[0][2]*Matrix[2][1])/D; 

… 

Inv[2][2] = ( Matrix[0][0]*Matrix[1][1] – Matrix[0][1]*Matrix[1][0])/D; 

 

7) double result[][] = new double[3][value]; 

// (A
T
A)

-1
A

T
 in expression 1 

Result[i][j] = Inv[i][0]*T[0][j] + Inv[i][1]*T[1][j] + Inv[i][2]*T[2][j]; 

 

8) double Point[] = new double[3]; 

// return value of expression 1 

Point[i] = Point[i] + result[i][j]*b[j]; 

 

3.2 Ubi-nanoLOC-based Trilateration [19] 

RSSI is so noisy that the WLAN-based trilateration is very erroneous. Therefore, 

they established IEEE 802.15.4 A where the distance is determined by the speed of RF 

(299,792,458 meter/Second) and TOF (time of flight). HanBaek Electronic's Ubi -

nanoLOC mote shown in Fig. 4 complies with IEEE 820.15.4 A. If a sound were used 

instead of a radio, the measured distance would be much more accurate, because the 

speed of sound (about 334 meter/second) is much slower than that of a radio. However, 
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an ultrasonic generator consumes much more power than a radio generator does. An 

Ubi-nanoLOC contains a nanoLOC produced by Nanotron a Germany company and a 

Atmega microprocessor. The nonoLOC estimates TOF and the Atmega computes the 

distance with the TOF. This paper introduces our experiments of indoor positioning 

with Ubi-nanoLOCs. 
 

 

Figure 4. A Ubi-nanoLOC Mote [19] 

 

 

Figure 5. Our Test Bed. The Stars Represent the Base Station [19] 

An indoor positioning kit has 5 Ubi-nanoLOC motes. 4 of them are used as base 

stations and one of them is used as a sink node. The 4 base stations send their data to 

the sink node. The sink node estimates the distances of the 4 base stations and performs 

the trilateration process to compute its location. Then, the sink node sends those 

distances and its location to our PC. Our test bed was the rooms labeled 4121 and 4122 

in Figure 5. The wall between these rooms is removable and we removed it and put the 

base stations at the 4 corners of the test bed. The base stations are represented as stars 

in Figure 5. The coordinates of the locations of the 4 base stations are shown in Table 6. 

Table 7. Coordinates of the Base Stations (mm) [19] 

Base Stations X Y 

Node 1 74100 7400 

Node 2 85400 7410 

Node 3 85390 16200 

Node 4 74110 16210 



International Journal of Multimedia and Ubiquitous Engineering  

Vol. 7, No. 2, April, 2012 

 

 

231 

 

Before running the Ubi-nanoLOC indoor program, we have to initialize a few 

variables as shown in Table 7. We set MODEMDEVICE with the COM port number 

through which the PC communicates with the sink node. The Ubi-nanoLOC indoor 

program uses Node 1 as the base position. Therefore, the coordination of Node 1 should 

be (0, 0). The coordinates of the other nodes are corresponding to the distances from 

Node 1 to the nodes where the unit is centimeter. 
 

Table 8. Initial Values for the Environment Variables [19] 

MODEMDEVICE "/dev/ttyS3" 

 

LocationX_For_FixedNode1 0 

LocationY_For_FixedNode1 0 

LocationX_For_FixedNode2 1130 

LocationY_For_FixedNode2 0  

LocationX_For_FixedNode3 1130 

LocationY_For_FixedNode3 880 

LocationX_For_FixedNode4 0 

LocationY_For_FixedNode4 880 

 

4. Experimental Analysis 

The graphical user interface (GUI) of our trilateration-based positioning system is 

shown in Fig. 6. The floor plan shown in Fig. 6 represents the 4
th

 floor of the Natural 

Science Building, our test bed. When the button, “Location?”, is clicked, the system 

runs our trilateration algorithm and writes the X and Y coordinates returned by the 

algorithm in the box labeled “Position Info :” It also marks a big dot at (X, Y) on the 

floor plan. When the button, “Test”, is clicked, it provides dialog boxes in which the 

actual user‟s location and an integer N can be input. Then, it runs our trilateration 

algorithm N times and records the results in the file named Result.  

 

 

Figure 6. A Typical GUI of the WLAN-based Trilateration Positioning Program 
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There are many parameters affecting the efficiency of a positioning system and the 

number of APs with significant signal strengths is one of them. If the RSSI from an AP 

is less than -70 then the distance to the AP cannot readily be determined with the RSSI 

and we consider it insignificant. In the experiments, we used 4 APs with significant 

signal strengths.  

We tested the WLAN-based trilateration indoor program at 40 different locations. At 

each location, we estimated the position 300 times. After these experiments, we 

concluded that the average error of the WLAN-based trilateration indoor program is 

about 4.1 meters. 

A typical GUI of our Ubi-nanoLOC-based trilateration indoor positioning program is 

shown in Figure 7. As it is shown on the buttons labeled 4, 5 and 6 we have 

implemented not only the trilateration but also the Kalman filter processes. We can 

paste a sequence of X, Y coordinates as input data for the Kalman filter processes in the 

textbox labeled 1 in Figure 7. The textbox labeled 2 is for output of the program. For 

the test our Ubi-nanoLOC-based trilateration indoor positioning program, we performed 

five sets of experiments. One of them was performed while we walked through the path 

shown in Figure 8.  

 

Figure 7. A Typical GUI of our Ubi-nanoLOC-based Trilateration Indoor 
Positioning Program 

 

Figure 8. The Path we Walked Through for the Experiment 
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While we walked through the path shown in Fig. 8, we ran the Ubi-nanoLOC-based 

trilateration indoor positioning program. We walked the path 100 times and compared 

the output with the coordinates of the path. With the comparison, we concluded that the 

average error of the Ubi-nanoLOC-based trilateration indoor positioning is 1.257 meter. 

 

5. Conclusion 

Positioning is an essential technique for implementing LBS systems. For indoor LBS, 

a practical indoor positioning program must be available. Nowadays, WLAN is 

available almost anywhere and WLAN-based indoor positioning program would be 

economically practical. The fingerprinting methods are widely studied for WALN-

based indoor positioning, but they are not practical because they require tedious and 

time consuming off-line phase. An alternative choice could be WLAN-based 

trilateration. However, this is too erroneous when it estimates the distances with an RF 

propagation loss model. Another alternative choice could be Time of Flight (TOF) 

based trilateration. In order to evaluate this choice, we tested the Ubi-nanoLOC-based 

(This estimates distances with TOF) trilateration indoor positioning and found that it is 

pretty accurate. From these tests, we can conclude that a mobile device should be 

equipped with something similar to Ubi-nanoLOC mote in order to accelerate growth of 

indoor LBS markets. 
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