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CHAPTER 3

Locating System Analysis 

Figure 3-1: System Flow 
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Figure 3-1 is the flow chart of our locating system.  As we mentioned in 1.1.1, there are 

two phases in former locating systems.  The radio map was fixed after offline training 

phase.  There is no way to adjust the radio map if some changes occur in environment 

unless re-calibration.  We try to break through this limit with dynamic radio map.  First, 

we calibrate a few points which help us to guess all APs’ positions.  With these data, we 

can interpolate the rest points in the environment to make the radio map complete.  User 

can request for the location and get the result.  Meanwhile, our system can learn unlabeled 

user traces on demand.  The result of learning mechanism will be used to re-guess APs’ 

positions and next the system re-interpolates to refresh radio map.  Each component will 

be described in detail in the following sections and the mechanism of learning and radio 

map updating will be presented individually in chapter 4. 

3.1. Calibration

A lot of proposed research show high accuracy of location estimation.  But most of them 

are all unpractical due to high manual effort.  It’s almost impossible for us to train radio 

map for all buildings with high manual effort.  Construct a location system that only 

requires little training effort is significant.  This concept is called reducing calibration 

effort.  Recent research which achieves high accuracy within 1 meter error distance 

calibrates data on all grid points.  In our model we only calibrate on one grid point each 

room and three points in whole space, then interpolate all the other grid points.   

Interpolation model will be described it in section 3.3.  Figure 3-2 illustrates how we 

decrease the numbers of calibration grid points.  Most proposed location systems calibrate 

data on all grid points (circles) as shown in figure 3-2(a).  Our system reduces the large 



19

part of calibration grid points as shown in figure 3-4(b); three circles in (b) are the only 

points we train data and all the other X points are interpolated. 

Figure 3-2: Reducing Calibration Grid Points. (a) Trains data on all grid points (o), (b) 
trains data only on three circle points, and all other X points are non-calibrated. 

    Reducing calibration time the other way to decrease manual effort.  In recent years, 

most research with high accuracy calibrate large amount of data on a fixed location.  It 

usually takes tens or even hundreds of samples to stabilize the signal strength distributions.   

With constant calibration frequency, the ratio between calibration samples and time is linear.   

Therefore, reducing calibration time to half of the origin means that 50% of samples can be 

collected.  Related work [24] shows that amount of calibration samples can be reduced to 

50% and the accuracy could be maintained above 95%.  As a consequence, we decrease 

calibration time to ten samples one grid point to descend the manual effort and make our 

system more efficient. 
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3.2. Guess AP’s Position 

For some reason described in section 3.3, we must interpolate the non-calibrated grid points 

with each AP’s position.  When user enter a building, it’s hard for him/her to know all APs’ 

positions.  The allocations of these base stations might not be noted down properly or no 

permit to get into the private place.  We can even receive signal strength from AP of 

neighboring building due to the increasing density of employed APs.  For these reasons, 

we proposed a method to guess each AP’s position. 

     As we mentioned in section 2.1.2, RADAR [1,2] proposed a propagation model as 

follows: 
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Where n indicates the rate at which the path loss increases with distance, P(do) is the signal 

power at some reference distance do and d is the transmitter-receiver (T-R) separation 

distance.  C is the maximum number of obstructions (walls) up to which the attenuation 

factor makes a difference, nW is the number of obstructions (walls) between the transmitter 

and the receiver, and WAF is the wall attenuation factor. 

     The variables after brace make it too complicated to use the relationship between 

distance and signal path loss.  In practice, the influence of WAF is very little so we can 

remove the wall attenuation.  Then we shift the function to create a new equation 1 as 

below:
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     As illustrated in figure 3-2(b), we train data at three different points.  Assuming 

these points all contain some AP’s signal strength.  The sketch diagram is shown below: 

Figure 3-3: Environment of Guessing AP's Position 

     Calibration point 0(CE0) received signal strength P(d0) from AP, P(d1) from CE1 and 

P(d2) from CE2.  Then, we substitute these signal strength into equation 1 as follows: 
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     The rate of path loss n is derived empirically.  At present, we can search one grid 

point in the environment which fits those three log functions simultaneously best.  That 

grid point represents the position of AP as illustrated in figure 3-4: 

Figure 3-4: Guess AP's Position 

     However, the influence of radio propagation probably causes some error in our 

guessing process.  That means distance between T-R and signal strength might not 

conform to the large-scale model.  APs not employed in experimental building originally 

may cause error, too.  These reasons make it hard to find out the real position of each AP.   

Actually, we don’t care how close AP’s positions of guess and reality are.  All we consider 
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is how similar the influence they make.  Figure 3-5 reveals the situation probably 

happened.  The dotted APs’ positions were created by a guess.  Other APs show where 

they actually are. 

Figure 3-5: Result of Guessing APs' Positions 

3.3. Interpolation

In section 3.2, we remove WAF from the equation.  The propagation model is rewritten as 

follows: 
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Since we have P(d0) from calibration points in Radio map .  The positions of APs guessed 

in section 3.2 can be calculated the distance between AP and calibration point (d0).  The 
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distance between interpolation point and AP can be calculated as well.  Hence, all we need 

on the right hand side of equation is n to work out P(d) for each AP on each location. 

     In section 3.2, we used empirical value to be n because there is no AP’s position for 

us to figure it out.  AP’s position and n are conditioned by each other.  In guessing 

process, we used mean signal strength to get one position of AP.  Now, we have to create a 

number of signal strength for each AP on every location.  Therefore, we should calculate n 

more precisely with APs’ positions and calibration points.  First, we pick two calibration 

points which contains the strongest signal strength.  Their path loss relationship should be 

as below: 
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After moving n to the left hand side and other parameter to the right hand side of equation, 

it should be shown as below: 
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     Finally, we can utilize equation 2 to calculate all signal strength of each AP on every 

interpolation point in each room. 

3.4. Location Estimation Models 

Before explaining our location estimation models, we make the definition of variables.   
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Assuming we detect I APs for each training point and gain N data for each AP.  Let Sn be 

N consecutive signal samples received from access point bi.

Si = {ss1,ss2,ss3,…,ssN}

    Assuming there are total J positions in radio map (RM). 

Xj = {S1,S2,S3,…,SI} and RM = {X1,X2,…,XJ}

    Then we get values of mean and variance for ith AP on jth location as follows: 

At Xj, ji = { 1, 2, 3,…, I} and  ji = { 1
2, 2

2, 3
2,…, I

2}

3.4.1. Locating Model 

A lot of WLAN location systems proposed probability models.  As small-scale fading 

investigates signal fluctuation in short period of time, we adopt Rayleigh fading probability 

density function as our probability model. If we receive a set of signal samples (S) in real 

time, the model returns the location among the set of radio map (RM) that maximizes P(S | 

Xj), 1  j  J, as equation 3 shown below: 
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     Equation 4 displays the detail of equation 3.  We multiply the probabilities of all 

APs to represent the probability on location j.  Equation 5 is the Rayleigh fading 

probability density function which specifies the probability of Si for ith AP on location j. 

     Next, we choose three locations XA, XB, XC, which own the max three probability 

values of P(Si | Xj), and use weighted triangulation to determine the outcome location.   

Figure 4-3 is an example of weighted triangulation illustrated as follows: 

PB=0.3

PA=0.5

PC=0.2

A

B

C

X

Figure 3-6: Weighted Triangulation 

     After normalization, PA equals to 0.5, PB equals to 0.3 and PC equals to 0.2. As a 

consequence, the order of distance to estimation location from far to near is C, B, A, 

respectively.  The equation used to calculate the result of location estimation is as follows: 

CBA

CBA

P+P+P
C×P+B×P+A×P

=X
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Where X  is the location of X. 

3.4.2. Tracking Model 

User tracking is another issue in indoor technology.  We try to analyze user’s heuristic 

orbit for predicting his next step.  Normally, the average walk velocity of human beings is 

1.36 m/s as shown in figure 3-6.  Our system will record locations where user passed 

before.  Then we calculate his next location with these heuristic paths and judge the 

conformity of human average velocity.  If the move speed of user is too high to be true, we 

simply ignore this result and do location estimation again. 

Figure 3-7: Human average velocity 


