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Abstract 
There are two longstanding issues: the fluctuation of 
wireless signal and the unstability of Access Point (AP), 
which greatly affect the performance of Wi-Fi based 
indoor localization. Most existing fingerprint based Wi-Fi 
localization methods adopt machine learning or data 
mining algorithms to get the location information; 
however, they ignore some intrinsic factors. According 
to massive observations, we discover some underlying 
characteristics of Wi-Fi indoor localization from the view 
of signal strength and AP. Hence, a new dissimilarity 
based localization method SAP (Signal-AP) is proposed 
to implement high performance indoor localization. The 
results show that SAP not only improves the localization 
accuracy, but also has desirable scalability of 
environment. 
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Introduction 
Along with gradual maturity of mobile device and 
wireless signal coverage, indoor localization with Wi-Fi 
is paid more and more attention. However, there are 
two well-known challenges: the fluctuation of wireless 
signal and the unstability of Access Point (AP), which 
greatly affect the localization performance. Signal 
fluctuation means that Received Signal Strength (RSS) 
fluctuates a lot even at the same spot; and the 
unstability of AP leads to the number of collected APs in 
fingerprints different.  

To handle the RSS fluctuation problem, the widely 
adopted methods include getting mean value [1], using 
Gaussian model [2], selecting APs [3] and et al. 
However, mean value based method cannot handle the 
“long tail” effect well. Gaussian processing needs the 
collection of enough samples at the same location to 
set up the model. And AP selection methods cannot 
work well when important APs are not always existing.  

As to the unstability of AP, most methods utilize default 
value to compensate the missing RSS [1], or use 
matched APs in each fingerprint [4]. While these 
methods can bring extra localization errors when the 
real value of RSS is far away from the default value; or 
when low confidence matching has smaller dissimilarity 
than high confidence matching.  

Hence, on the foundation of extensive observations and 
propagation theory of electromagnetic wave, we 
propose a new dissimilarity based localization method 
SAP (Signal-AP) to discover the underlying 
characteristics of Wi-Fi localization, so that the 
localization performance can be improved. 

Methodology 
Although, in real indoor environment, the propagation 
of electromagnetic wave does not satisfy the Friis 
equation, it still maintains the relationship that RSS 
decays with the increase of distance. Experiments show 
that when RSS is strong, as -30dbm, the fluctuation will 
be more severe than that of weak RSS, as -80dbm. The 
relationship between changing rate (fluctuation) and 
distance is illustrated in Figure 1. Therefore, the same 
RSS difference value from strong RSS range and weak 
RSS range can be quite different when indicating 
dissimilarity. While, machine learning based methods 
treat those RSS equally. Hence, from the view of 
physical meaning, we first establish a nonlinear 
dissimilarity calculation in (1).  

( )

( )

2

1

2

1

* ( )

( )

S

S

N
iq jq

iq jq S
q iq jq

ij
N

iq jq S
q

rss rss
sqrt abs abs rss rss N a

rss rss
d

sqrt rss rss N b

θ θ

θ ε θ ε=

=

⎧ ⎛ ⎞⎛ ⎞⎛ ⎞ ⎛ ⎞+ +
⎪ ⎜ ⎟+ ∗ −⎜ ⎟⎜ ⎟ ⎜ ⎟⎜ ⎟ ⎜ ⎟⎜ ⎟⎜ ⎟− + − +⎪ ⎝ ⎠ ⎝ ⎠⎝ ⎠⎝ ⎠= ⎨
⎪ ⎛ ⎞−⎪ ⎜ ⎟

⎝ ⎠⎩

∑

∑
   

(1) 

This equation shows the dissimilarity between the thi  
and the thj  fingerprints, which is a piecewise function 

illustrated in Figure 2 (when =0.4θ ). When either iqrss  

or jqrss  is in range of [ ]1 2,T T , which means at least one 

RSS is reliable, 1(a) is used to get the dissimilarity so 
that reliable RSS can be given bigger weight than 
unreliable ones; when both iqrss  and jqrss  are beyond 

the range which means neither of RSS is trustworthy, 
then 1(b) is adopted to get the dissimilarity. In (1), θ  
is a threshold to emphasize the effect (weight) of 
reliable RSS, q  is the index of AP. ε  is a pre-defined 

small value to avoid illegal denominator; [ ]1 2,T T  is the 
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Figure 1. Relationship between 
changing rate and distance. 
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Figure 2. Function value with 
different RSS. 

 

Figure 3. Layout of the office 
environment. 
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confidence interval to decide reliable RSS, which can be 
calculated from the statistical view of training data; SN  

is the number of matched AP in two fingerprints. If 
there is no matched AP, then 0SN =  and the final 

dissimilarity will be set to be a large value as 1e5. 

Based on the nonlinear relationship between RSS and 
dissimilarity, we bring the effect of AP. The dynamic 
environment and AP’s working scheme make AP appear 
or disappear from time to time, and different APs have 
different resolution ability to tell locations. Therefore 
the number of AP in each fingerprint and the resolution 
of AP are used to modify the calculation of dissimilarity. 
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qR  is the resolution of qAP , which is the difference 

value between maximum RSS and minimum RSS of the 
AP after the statistical method is used to wipe off the 
unreliable data (If the maximum and minimum RSS are 
equal, then 0.001iR = ). coeff

ijAP  is the impact of dynamic 

APs, which is the multiplication result of the percentage 
of matched number of AP accounts for the number of 

AP in the fingerprint. ( ) 1coeff
ijAP

−
 indicates the matching

 
confidence, which is divided into three parts by 

threshold 1C  and 2C . The larger the ( ) 1coeff
ijAP

−
 is, the 

more reliable the matching is; therefore the 
dissimilarity will be given a relatively small weight (and 
bias), and vice versa. With the signal strength scheme 
and dynamic AP scheme, when the dissimilarity is small, 
for most circumstances, it must be that the matching is 
reliable and most of reliable RSS are similar. 

Experimental result 
The performance of proposed method is compared with 
other dissimilarity schemes and state of the art Wi-Fi 
indoor localization methods from the aspects of 
localization accuracy and scalability of environment.  

First, the performance of SAP is tested in a 15 m*10 m 
office area whose layout is illustrated in Figure 3. There 
are 24 APs in the environment, and finally we get 2000 
training data and 1000 testing data. The methods for 
comparison are: Euclidean (E) and Manhattan (M) 
dissimilarity scheme with default value and Euclidean 
and Manhattan dissimilarity scheme with matched AP 
(E-m, M-m), state of the art localization methods 
Extreme Learning Machine (ELM) [5] and Support 
Vector Machine (SVM). Euclidean dissimilarity scheme 
with default value is also known as RADAR. The 
localization performance is shown in Figure 4. From the 
figure, it is obvious that SAP outperforms the other 
methods, because the fluctuation problem is handled by 
physical understanding with the nonlinear function and 
the AP scheme ensures the confidence of matching.  

In order to show SAP’s scalability of environment, the 
localization performance is also tested on the ground 
floor data set of a shopping mall (Figure 5) and ICDM 
2007 open data set [6]. The localization results are 
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Figure 4. Localization 
performance on office data set. 

 

Figure 5. Layout of the ground 
floor of the shopping mall. 

 

Figure 6. Classification precision 
on ICDM data set. 
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shown in Table 1 and Figure 6 respectively. The first 
row in Table 1 is the error distance, the first column 
represents different algorithms, and the remaining 
contents are localization accuracy. 

 1m 5m 10m 15m 20m 
RADAR 23.86% 42.05% 81.82% 86.36% 93.18% 

M 22.73% 51.14% 82.95% 88.64% 97.73% 
E-m 15.91% 32.95% 54.41% 59.09% 63.64% 
M-m 19.32% 39.77% 61.36% 64.77% 68.18% 
ELM 0% 6.82% 23.86% 56.82% 76.14% 
SVM 21.59% 54.55% 82.95% 93.18% 96.59% 
SAP 23.86% 56.82% 85.23% 90.91% 96.59% 

Table 1. Localization accuracy on the shopping mall data set. 

These two large environments share one same point 
that there are lots of APs, 112 APs for the shopping 
mall and 90 APs for the ICDM data set. Considering this, 
some far away locations can only share a few APs, 
which leads to the small dissimilarity but big error. 
Since lots of APs have small values (due to the large 
area) which are similar to the default value, the 
compensation methods outperform the matched AP 

methods. While, the desirable performance of SAP in 
these two environments, which is better than the other 
methods, verifies its scalability of environment. 

Conclusion 
Based on the extensive observations, we discover some 
underlying characteristics of Wi-Fi indoor localization, 
and propose a generalized new dissimilarity based 
localization method SAP, which first utilizes nonlinear 
function at signal level to emphasize the effect of 
reliable RSS, then leverages AP’s resolution and 
matching impact factor to adjust the dissimilarity with 
confidence. The performance of SAP has been validated 
in three different environments, and the results verify 
the desirable localization accuracy and scalability.  
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