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CHAPTER 4

Radio Map Refreshing 

In section 4.1, we describe how to find the most possible path of a sequence of signal with 

HMM and other algorithms.  Then we use the information derived from section 4.1 to 

update radio map in section 4.2. 

4.1. Learning Mechanism 

Figure 4-1 illustrates how Hidden Markov Model (HMM) applied to our system as below: 

Figure 4-1: HMM 
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Where the observation sequence O is a set of signal strengths O = (O1, O2, O3, …, OT)

received in time T.  In section 4.1.1 we model HMM to our locating system and gain a set 

of system parameter  = (A, B, ).  Then we substitute O into HMM with Baum-Welch 

algorithm to reestimate new ’ = (A’, B’, ’) described in detail in section 4.1.2.  Finally, 

in section 4.1.3, Viterbi algorithm is applied to find out the best user path of O. 

4.1.1. HMM

First we define our variables in HMM: 

Locations represent states (J). 

Transition probability distribution A = { ij}, where ij = P[lt+1 = j | lt = i], 1  i, j  N. 

One observation Ot is a set of signal samples which received from I APs in time t.  

Let O = (O1,O2,O3,…,OT), and Ot = (ss[1], ss[2]…,ss[N]).

Observation symbol probability distribution in state j, B = {bj(vk)}, where bj(vk) = P[ot

= vk | qt = j], 1  j  N, 1  k  M. 

V = {P1,P2,P3,P4} = {(PAP1, PAP2, PAP3), (PAP1, PAP2, PAP4), (PAP1, PAP3, PAP4), (PAP2,

PAP3, PAP4)}

The initial state distribution  = { i}, where i = P[q1 = i], 1  I  N. 

     Figure 4-2 analyzes details of HMM to figure out the computation process of Markov 

Chain in each time t.  We modify HMM slightly by making each state represents one 

location.  Elements in transition probability matrix A mean that the probabilities we move 

from one location to another.  If location i and location j are neighbors, the probability of 

moving from location i to location j should be the highest one.  The longer distance 
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between two locations is, the smaller probability should be.  Some exceptional conditions 

such as two neighbors’ locations are divided in different rooms, the transition probabilities 

should be zero.  

Figure 4-2: Detail of HMM 

B is the probability matrix of observation symbols.  We take the combination from small 

sets of APs and compute probabilities for them.  In this illustration, the average number of 

APs detected on every location is 4.  So the size in B is C(4,3) = 4. 

     Figure 4-3 explains the rule of transition probability matrix between two states in 

Markov Chain.  If the distance between two locations is one hop, we set the probability to 

be 0.5.  If the distance is 2 hops, the transition probability is 0.2.  Once the distance 

exceeds 4 hops, we consider it violates the maximum walk velocity of human beings, so the 
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probability will be set to 0.  And some special conditions such as two locations are in 

different rooms or there are obstacles between two locations, we will set the probability to 0 

or smaller values. 

Figure 4-3: Transition Probability 

4.1.2. The Baum-Welch Algorithm 

In this section, we would like to introduce a learning technique used to adjust our system.   

We adopt Baum-Welch algorithm to implement our learning model.  The Baum-Welch 

algorithm is also called Forward-Backward algorithm which means the first two steps in 

Baum-Welch algorithm are forward and backward procedures described below: 

Forward Procedure: 

     The variable of forward procedure is t(i) = P(O1, O2, …, Ot, qt = i | ).  t(i) means 

the probability of the joint event that O1,O2,…,Ot are observed and the state at time t is i, 

given the model .  The algorithm of forward procedure is as follows: 

1. Initialization Ni1,Obi 1ii1 )()(
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Backward Procedure: 

     The variable of backward procedure is t(i) = P(Ot+1, O t+2, …, OT | qt = i, ).  t(i)

means The probability of the partial observation sequence Ot+1,Ot+2,…,OT, given state i at 

time t and the model .  The algorithm of backward procedure is as follows: 
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The Forward-Backward Algorithm: 

     We can use forward-backward algorithm to compute P(O| ).

)(O
)(

()(
)(()(

)()(

|iq,P
|iq,O,...O,OP

)|iqP,iq|O,...O,OP
,iq|O,...O,OP)|iqP,iq|O,...O,OP

,iq|O,...,O,OP|iq,O,...O,OP
)i()i(

t

tT21

ttT21

tT2t1tttt21

tT2t1ttt21

tt



33

)i()i(|iq,P|P tt

N

1i
t )(O)(O

     When the calibration data are insufficient due to reduction of calibration grid points, we 

apply reestimate system using randomly unlabeled traces.  Let  denote the initial radio map 

which is built from a limited amount of labeled calibration data.  In this case,  is the result 

of interpolated radio map.  Let A denote the initial transition probability matrix and  denote 

the initial probability distribution.  Let B denote the observation symbols probability set.   

Then, a HMM can be initialized by the model parameter  = (A,B, ).  Giving a set of 

unlabeled traces T, Baum-Welch algorithm is used to adjust and generate the model parameter 

’=(A’,B’, ’) iteratively to find ’ such that the likelihood P(O| ’) is maximized.  In every 

iteration, we reestimate A’,B’, ’ as follows: 
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Let t(i) = Probability of being in state i at time t, given O and .
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Let t(i,j) = Probability of being in state i at time t and state j at time t+1, given O and .

)|P(O
)|jqi,qP(O,)O,|jqi,P(qj)(i, 1tt

1ttt

4.1.3. The Viterbi Algorithm 

After finishing reestimation, we apply Viterbi algorithm to find the maximum P(O| ’).   

Viterbi algorithm is shown as follows: 

1. Initialization 
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     Figure 4-4 illustrates Viterbi algorithm. For example, 2(S1) means that in time 2, the 

max probability in state 1 is max( 1(S1)×a11, 1(S2) ×a21, 1(S3) ×a31) ×b1(v2).  After 

computing the first three steps in Viterbi algorithm, we acquire  for every state in each time 

t.  Then we process the forth step of Viterbi algorithm, starting to backtrack for the best 

path:  First, we find out the state i which owns the max  in time T.  Second, determine 

which state in time T-1 goes to state i in time T.  Then we rotate these two steps above until 

time 0.  Now we get the best path of reestimation result. 

Figure 4-4: Viterbi Algorithm

4.2. Radio Map Updating 

After getting a set of new labeled user trace points (called “learning points” here), we have 
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to add them into radio map to improve performance of system.  Because we believe that 

signal in learning points were collected just now so they should be more reliable than points 

generated before.  The whole radio map updating procedure is mainly divided into four 

steps described from section 4.2.1 to 4.2.4.  And we use figure 4-5 as an example of radio 

map updating illustrated as follow: 

Figure 4-5: Example of radio map updating (1) 

Where the circle represents calibration point, X represents interpolation point, and triangle 

represents learning point before updating procedure. 

4.2.1. Erase Interpolation Points 

     The existing interpolation nodes were generated from old calibration points and 

learning points.  Thus we erased all existing interpolation points from radio map at this 

stage.  Only calibration points and learning points generated before will be left over as 

figure 4-6 illustrated below: 
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Figure 4-6: Example of radio map updating (2)

4.2.2. Write New Learning Points 

     Before writing new learning points into radio map, we have to define the priority of 

all tree kinds of points as shown in table 4-1 below: 

Table 4-1: Priority of Points 

Type of Point Priority

New learning Highest

Old learning High

Calibration Medium 

Interpolation Low

As we can see, new learning points own the highest priority, old ones own high priority, 

calibration points hold the medium, and interpolation points have the lowest.  Hence, we 

can stand on table 4-1 when writing new learning points on different kinds of points 
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originally existing on radio map.  There are two possible circumstances whose resolutions 

are shown below: 

1. Encounter with old learning or calibration point 

     According to table 4-1, the signal in new learning point is absolutely more reliable 

than old one no matter it is old learning point or calibration point.  Neither we add these 

signal to run the risk of radio map overflow, nor simply store signal in new learning point 

instead of that in old point to lose all information got before.  Hence, there is a limit size of 

signal number for each in each grid point.  If the sum of the signal number in new learning 

point and in old point exceeds the limit size, we use a queue to solve this problem illustrated 

in figure 4-7 as below: 

Enqueue new signal

Dequeue old signal

0 1 2 3 4 5 6 7 8 9 0 1 2

3 4 5 6 7 8 9 0 1 2210

Signal queue In grid point

Figure 4-7: Signal queue in grid point 

We enqueue signal in new learning point to the signal queue in grid point and dequeue the 

same number of old signal.  This procedure keeps signal queue maintaining the latest 

signal.

2. Encounter with empty point 

     We simply add the whole signal in new learning point to the empty point. 
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     After this procedure, example in figure 4-6 enters next stage illustrated in figure 4-8: 

Figure 4-8: Example of radio map updating (3) 

The blue triangles represent new learning points, green triangles represent updated old 

learning points, and green circles represent updated calibration points.  The red line is the 

path generated by our learning mechanism. 

4.2.3. Re-guess APs’ Positions 

Following the procedure described in section 3.2, we use all calibration points in radio map 

right now to re-guess AP’s Positions.  The updated radio map illustrated in figure 4-9 

where the orange APs represent new positions generated by re-guessing as follows: 



40

Figure 4-9: Example of radio map updating (4) 

4.2.4. Re-interpolate Radio Map 

Figure 4-10: Example of radio map updating (5) 
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Following section 3.3, we re-interpolate all the empty points in the radio map.  Figure 4-10 

shows the eventual updated radio map.  The blue triangles represent new re-interpolation 

points.  The radio map is updated completely right now. 


