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Abstract 

In the area of Wireless Local Area Network (WLAN) 
based indoor localization, the k-nearest neighbors (KNN) 
fusion clustering algorithm has been studied extensively. 
But the number of the clustering and the value of K is set 
manually and fixed, so it can’t adapt to the environment 
changes. Besides, the algorithm localization with a single 
Received Signal Strength (RSS), and ignored other deeper 
information such as the physical location information. 
Aiming at the shortcomings of the fusion algorithm, in this 
paper, we proposed a novel indoor localization algorithm 
based on competitive agglomeration (CA). The algorithm 
soft partition radio map based on RSS and physical 
location information in succession, and select the 
clustering number based on real time information in the 
environment to estimate user’s position coordinates. 
Finally, based on the extensive experiments conducted in a 
real WLAN indoor environment, our proposed algorithm 
is proved to outperform traditional positioning algorithm.  
Keywords: Indoor Localization, Location Fingerprints, 
Competitive algorithm, Soft partition. 

1. Introduction 

With the rapid development of economy and mobile 
internet, people have become increasingly demanding on 
context aware service, especially the location based 
service (LBS). The vigorous development of O2O (Online 
to Offline) business model makes people are increasingly 
concerned with positioning accuracy. High-precision 
indoor location becomes the core of LBS. In the outdoor, 
the Global Positioning System (GPS) is commonly used 
for navigating and positioning. Nowadays, people spend 
average 80% of the time in the indoor, where the GPS 
signal is difficult to be received due to the building barrier. 
In the meantime, people entering in a mobile internet era, 
average 80% of the intelligent equipment connect network 
in the indoor. WLAN has been widely deployed in 
commercial areas, office building, campus, airport, 

residential areas, hotels and other kinds of environmental. 
The widely deployment of  the WLAN and the popularity 
of  the intelligent equipment makes the indoor positioning 
technology based WLAN achieve positioning function 
without the hardware upgrades compared with other 
positioning technologies. Indoor positioning technology 
based on WLAN has become the mainstream of the indoor 
positioning technology. 

WLAN indoor localization approaches are generally 
classified into two categories, the model-based localization 
approach and location fingerprint approach. The model-
based localization approach is based on the RSS 
characteristics from the Access Points (APs) to the target. 
The propagation model, Angel of Arrival (AOA), Time of 
Arrival (TOA), and Time Difference of Arrival (TDOA) 
are the four types of techniques in model-based 
localization. Since the propagation channels are site 
dependent, the radio propagation model is compromised 
by multipath fading, the law of signal attenuation is very 
complex in the indoor, so the precision of the model-based 
indoor location is very unreliable [2]. The location 
fingerprint approach contains two phases, namely the off-
line phase and on-line phase. In off-line phase, the RSS 
data from hearable APs are used to construct a radio map 
contains RSS and their corresponding physical locations. 
In on-line phase, the target locations are estimated based 
on the matching from the newly recorded RSS 
measurements against the radio map. The location 
fingerprint approach could effectively reduce the influence 
of the multipath propagation and improve localization 
accuracy[3].  At the same time, the location fingerprint 
approach is relatively simple operation.  

The k-nearest neighbors (KNN) fusion clustering 
algorithm is a widely applied indoor localization algorithm. 
While the cluster number and the value of K in the fusion 
algorithm is set manually and fixed, and the matching with 
single RSS ignored other information [5]. Aiming at the 
shortcomings of the traditional fusion indoor localization 
algorithm, in this paper we present an algorithm of indoor 
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localization based on competitive agglomeration. The 
indoor localization based on competitive agglomeration 
could select dynamically the cluster number to generate 
competitive classes, and choice the value of K based on 
the real environment information both RSS and the 
physical location information of RPs’. We proposed 
algorithm improve the localization accuracy with low 
complexity and low cost.  

The rest of this paper is structured as follows. In 

Section 2, we introduce the overall localization system in 

detail including competitive agglomeration algorithm. 

Experimental results are provided in Section 3. Finally, we 

conclude the paper in Section 4. 

2. CA indoor  localization system 

In fingerprint localization system, first select 
Reference points (RPs) in the target environment and 
collect RSS fingerprinting in the RPs establish radio map 
in the off-line phase. Then, in the on-line phase the target 
location is estimated based on the matching from the 
newly collected RSS data against the pre-constructed radio 
map. The indoor localization system is shown in Fig.1. 

AP1 … APn

Record

Mac1,RSS1,…,Macn,RSSn(x1,y1)

Mac1,RSS1,…,Macn,RSSn(x2,y2)

Mac1,RSS1,…,Macn,RSSn(xN,yN)

......

Off-line phase

On-line phase

Matching 
Algorithm

Estimated 
LocationMac1,RSS1,…,Macn,RSSn(x?,y?)

Radio map
(xi,yi)

 
Fig. 1 Indoor localization system 

KNN fusion clustering algorithm is extensively 
applied fingerprint localization algorithm. First, use 
clustering algorithm cluster radio map into several classes. 
Then, compute the Euclidean distance between clustering 
centers with the newly collected RSS. The Euclidean 
distances are defined as follows: 

2
,

1

, ( ) , ( , ,..., )
N

q i q i
i

d(S C ) s c q 1 2 M


    (1) 

Where 1S=[ , ..., ]Ns s s  is the newly collected RSS vector 

in target location. The N is the number of access points 

(APs) in the environment. 
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C c c c is the qth  

clustering center’s vector. The M is the number of 

clustering. ,
q

d(S C )  . M denotes the Euclidean distance 

between newly collected RSS vector in target location 
with qth  clustering center. Choose the cluster whose 

clustering center’s Euclidean distance is nearest to the 
newly collected RSS as the target cluster class among all 
clusters. Last, K  RPs from target cluster is chosen 
according to the first k minimum Euclidean distance 
between RPs’ RSS vector with the newly collected RSS. 
The target location is calculated as follows: 
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Where ( , ), ( , ,... )
j j

x y j 1 2 K is the K RPs chosen from 

target cluster. ˆ ˆ( , )x y is the estimated target location 
coordinates.  

For traditional fusion algorithm, parameter M and K 
must be fixed. The fixed values of M and K will influence 
the performance of the localization system with the change 
of the circumstances. In order to solve the problem, we put 
forward to competitive agglomeration algorithm in this 
paper. Competitive Agglomeration could soft partition 
radio map and get different competitive clusters according 
to the dynamic environment. Besides, the traditional 
fusion algorithm localization with single RSS similarity 
and ignore RPs’ physical location information. It’s easy to 
choose some wrong RPs which RSS is similar with the 
RSS of target location, while physical location is far away 
from target location, such as shown in Fig.2. 

 
Fig. 2 Schematic diagram of the shortcomings of the traditional location 

algorithm 

In order to solve the shortcomings and improve the 
accuracy of the localization, our proposed algorithm that 
use twice competitive agglomeration soft partition Radio 
map respectively based on RSS and physical location 
information. 

2.1 Competitive r Agglomeration Algorithm 

Competitive agglomeration is efficient algorithm in 
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clustering algorithm theory. The CA algorithm doesn’t 
need set an accurate cluster number prior to clustering. In 
CA, the initial partition has an over-specified number of 
clusters, which is progressively reduced until an optimum 
is reached. Also, the CA algorithms can be rapidly 
converged in a few iterations regardless of the initial 
number of clusters, and can also converge to the same 
optimal and most competitive partition regardless of its 
initialization. Its principle is described as follows: 

Set
1 2

{ , , , }
n

X x x x  is the set of all the data points, 

and n is the number of data points. At the same time 

set { 1 }
i

V v i C   as the set of clustering centers, where C  

is the number of clustering. Let 
ij

u  denote the 

membership degree of jx  belonging to ith class, then we 

can define the fuzzy c-partition U of the given data set. 

i.e., { 1 ,1 }
ij

U i C j nu     . U is a C n fuzzy 

classified matrix. U satisfies the formula of (3) : 
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The CA minimizes objective function of CA is 
generally formulated as: 
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Where ( , )j id x v  denotes the Euclidean distances between 

data point jx  and the ith clustering center.  is a 

balancing item. The first term given in the equation (4) 
controls the size and the shape of the clusters. The second 
term controls the number of clusters. Lagrange coefficient 
is used in equation (4) to minimize the objective function. 
The steps of CA are described as follows: 
Step 1: Set an initial value of the number of 

clustering maxC which is a relatively large number. i.e., 

maxC C . And initialize the iterative times 0k  . 

Initialize the fuzzy c-partition matrix U . Compute the 

Clustering cardinality iN (i = 1,2,...,C)  as equation (5) 
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Step 2: Compute the cluster centers by 
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Step 3: Compute the membership degree and 

modify fuzzy classified matrix U as follows. 

FCM Bias
ij ij iju u u      (7) 

Where the first component in equation (7) FCM

ij
u considers 

only the relative distances of a data point to all clusters 
and is computed as the equation [8]. And the second 
component in equation (7) is the deviation of the 
membership degree which is computed as the equation (9). 
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In the equation (9) jN is a simple weighted average of the 

cardinality and is computed as equation (10) 
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( )k  is the value of the balancing item in the kth  
iterative, k is the iteration index. ( )k  is computed as 

equation (11) 
C n

2
ij j i

i=1 j=1

C n
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ij
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a(k)= (k)
( u )


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( )k  in the equation (11) is computed as equation (12) 

0(k) = exp(-k / )    (12) 

Where 0  is the initial value and is the time constant. 

0  and   could be valued as some constant according to 

particular cases. In our experiments, the initial value 0 , 

the time constant  are set 5 and 10,respectively[8].  So, 
( )k  in our experiments could be expressed as equation 

(13) 
105(k) = exp(-k / )  (13) 

Step 4: Compute the iteration stop threshold  . 
Discard the spurious clusters whose cardinalities drop 
below a threshold clusters. However the clustering is 
sensitive to the threshold parameter. In this paper, we 
investigate an alternative process to improve the 
agglomeration. The details of the process are given as 
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equation (14).  
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Step 5: Modify the number of clustering C based step 
4. If the number of the clustering unchanged then the 
iteration is finished, else modify iteration index k=k+1 and 
turn to step 2. 

2.2 Localization system design 

We proposed localization algorithm in this paper 
consists of two main modules: the i)  soft partition the 
radio map based on RSS through competitive 
agglomeration and chose the most similarity cluster with 
the RSS vector collected in the target location. ii) soft 
partition the cluster chosen in step i) base on the physical 
location information and estimate the physical location 
coordinates of the target location. The overview of the 
localization algorithm based competitive agglomeration is 
described by a flow chart shown in Fig. 3.  

The localization algorithm is generally divided into 
four steps. Firstly, partition the radio map based on the 
RSS of the RPs and new collected in the target location 
with CA. Choose the RPs which RSS is in the cluster 
which contains the RSS of new collected in the target 
location as the RSS similarity cluster.  

Second, compute the sum of each RP to all other RPs 
Euclidean distance respectively, and choose the global 
nearest point as equation (15) and equation (16) 

1

(RP , RP )
m

i i j
j

D d


 
 (15) 

1 2min( , ,..., )mD D D
(16) 

Where in the equation (15), m  is the number of the RPS 
in the RSS similarity cluster. The global nearest point is 
the RP which index  is  the same as the index calculated as 
equation (16).  

Third, partition the RSS similarity cluster based on 
the physical location coordinates with CA.  Choose the 
RPs which location coordinates is in the cluster which 
contains the global nearest point as the coordinates 
similarity cluster.  
Forth, the coordinates of target location is estimated by 
compute the weighted mean value of coordinates of the 
RPS in the coordinates similarity cluster. The calculation 
formula of the target location is shown as equation (17) 
and. 

1

( ) ( )
p

i i i
i

x, y w x , y


   (17) 

i Ri Ciw u u   (18) 

Where in the equation (17) P is the number of the RPs of 
the coordinates similarity cluster. In the equation (18) 

Riu and Ciu  is membership degree of ith RP belong to the 

RSS similarity cluster and the coordinates similarity 
cluster respectively. 

 

Collect RSS vector in 
the target location

Partition the radio map 
based on RSS With CA

Chose the RSS
similarity cluster

Partition the similarity 
cluster based on coordinates 

Estimate the coordinates 
of target location 

Chose the  Coordinates 
similarity cluster 

Compute the global 
nearest point

 
Fig. 3 The overview of the localization algorithm 

3. Experimental Results 

We conduct experiments in two typical environments, a 
simulated regular LOS environment and a real irregular 
Non-line-of-sight (NLOS) environment. 

3.1 Simulated Regular LOS Environment 

Fig. 4 shows a simulated regular LOS environment 
with the size of 20m by 20m. The 396 RPs with the same 
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interval of 1m are uniformly distributed in this 
environment.

 
Fig. 4 Simulated regular LOS environment 

 
Fig. 5 CDFs of errors in the simulated regular LOS environment 

 
Fig.5 shows the CDFs of errors with CA localization 

algorithm, KNN and KNN-FCM hybrid algorithm in the 
simulated regular LOS environment. From Fig. 5 , we can 
find that the proposed CA localization algorithm performs 
well in localization precision compared with KNN and 
KNN-FCM fusion algorithm. The average localization 
error of CA algorithm is 2.01m which is more accurate 
than both KNN-FCM fusion algorithm and KNN 
algorithm which average localization error is 2.28m and 
2.4 3m respectively. The positioning accuracy improved 
17%. The degree of confidence of CA localization 
algorithm in3m is 79% which is better than KNN and 
KNN-FCM fusion algorithm. 
 

3.2 Experiments in Real Irregular NLOS 
Environment 

Fig. 6 shows the layout of the experiment 

environment as well as the localization where we establish 
radio map. The size of the experiment environment is 36m 
by 21m. There are 5 Aps are placed in the environment to 
ensure the wireless signal coverage the entire area. 

 

 
Fig. 6 The experiment environment 

 
Fig. 7 CDFs of errors in the real irregular NLOS environment 
 
degree of confidence of CA localization algorithm 

in3m is 72% which is better than KNN algorithm which 
degree of confidence in 3m is 64 and KNN-FCM fusion 
algorithm is 60%. 

4. Conclusions 

In this paper, we proposed a novel indoor localization 
algorithm based on competitive agglomeration. Through 
the algorithm the number of the clustering isn’t fixed and 
changing based on the information of environment. 
Besides, the CA algorithm localization not only use the 
RSS information but also use the physical location 
information improve the accuracy of localization. For the 
future work, the computer expertise and localization in a 
more complex and multi-floor indoor environment forms 
an interesting topic. 
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