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Abstract: Location based services (LBS) enable various 

mobile application and improve the human life significantly. 

GPS has largely solved the problem for outdoor positioning. 

However, the accuracy and usability of positioning algorithm 

remains a grand challenge for indoor scenarios. WiFi-based 

fingerprint positioning has attracted lots of research 

attentions, for the advantage of leveraging existing indoor 

WLAN infrastructure. But the positioning accuracy and 

fingerprint sampling are both challenge for WiFi-based 

fingerprint positioning. This paper proposed a trade-off 

method between accurate positioning and tedious sampling. 

It first utilizes the Gaussian process model to complete 

compressive sampling instead of the whole-cell sampling, and 

then proposed an improved K-Means method based on the 

similarity threshold to increase the performance accuracy. 

Our experiment shows our improve method can get better 

accuracy with 2m median error which approximates results 

of the real raw data. Meanwhile, our Gaussian process model 

also largely reduces the tedious sampling. 
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1. INTRODUCTION 
 

Various positioning technologies enable location based 

services and applications. Especially, GPS has largely 

solved the problem for outdoor positioning. However, 

fine-grained positioning remains a grand challenge for 

indoor scenarios. WiFi-based fingerprint positioning has 

attracted lots of research attentions, for the advantage of 

leveraging existing indoor WLAN infrastructure [1]-[3]. 

Fingerprint positioning can utilize the WiFi signal strength 

pattern (i.e. fingerprint) at each sampling cell to match the 

object position. However, to build fingerprint database of 

whole indoor environments is still a nontrivial work. 

Besides, the positioning accuracy is also up to few meters 

and even worse, suffering from wireless signal fading, 

blocking and environmental noises.  

Many researches have focused on lightweight finger- 

print sampling to avoiding the tedious survey. For 

example, some works exploited masses of mobile users to 

construct the fingerprint database based on the crowd- 

sourcing conception [4],[5]. Individual sampling cost will 

be reduced by people’s cooperation. And other works 
adopted signal theoretical propagation model to estimate 

fingerprints in order to reduce the sampling quantity 

[6],[7]. But both lightweight sampling will lead to the sig-

nificant reduction of positioning accuracy. Contrarily, 

when they focus on the positioning accuracy, the sampling 

problem is usually ignored. Although many methods have 

been used in improving the accuracy performance of 

fingerprint positioning, such as deterministic kNN[8], 

Bayesian estimation[9], sequential Monte Carlo[10], 

support vector machine[11] and neural network, they are 

mostly on condition that enough samplings. Therefore, it 

is a key difficult problem to balance the sampling cost and 

positioning accuracy. 

In this paper, we propose a combined Gaussian 

processes (GPs) based compressive sampling and fine-

grained clustering matching method to solve above trade-

off problem. For reducing the sampling work, we use less 

sample data to estimate others by constructing Gaussian 

processes model. So we build a compressive sampling 

model which utilizes Gaussian processes for signal 

strength sampling. However, the synthesizing sampling 

data based on the GPs have some distortions to influence 

the positioning accuracy. To solve this problem, we re-

analyse the synthesizing fingerprints characteristic, and 

find the problem of many more similar fingerprints corres-

ponding to remote sampling cells each other is the primary 

cause. Therefore, we further propose a clustering method 

to deliver fine-grained positioning based on distortional 

synthesizing fingerprints. Experimental results confirmed 

the effectiveness of our algorithm. The 90th percentile 

errors are less than 4m in our office environments and the 

median error is about 2m, which is superior to other 

methods. So we believe that it is feasible to reduce the 

sampling quantity on condition that keeping positioning 

accuracy. 

 

2. OVERVIEW OF THE ARCHITECTURE 
 

In this section, we outline the execution procedure of 

our algorithm. In the figure 1, we first construct the 

compressive sampling model based on the Gaussian 

processes. Then we can convert cell positions to RSSs 

vector corresponding to surrounding APs by GPs model. 

Both positions and RSSs vector constitute the positioning 

fingerprints. This method can greatly reduce the tedious 

sampling work. However, these fingerprints have a coarse-

grained problem since the synthetic data based on GPs 

model have larger similarity errors comparing with real 

samples. Therefore, we further propose an improved K-

Means method to clustering the similar fingerprints in 

order to reduce the influence of similarity in synthetic 

fingerprints. Through above execution procedure, both the 

positioning performance and sampling workload will have 

a significant improvement.  
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Fig.1. The algorithm architecture  

 

3. COMPRESSIVE SAMPLING MODEL OF 

FINGERPRINTS 
 

Compressive sampling can uses discrete signal samples 

obtained by random sampling to reconstruct the whole 

signals based on nonlinear estimations. Here, the finger-

print database based on received signal strength (RSS) is 

the sample set. We adopt the Gaussian processes for signal 

strength reconstruct. Following the restriction that similar 

signal strength fingerprints are corresponding to a nearby 

location, we divide our test floor into some equal cells. We 

first sample the intersection fingerprints as the training 

data instead of global samples, and then we adopt GPs 

method to reconstruct other fingerprints.  GPs can be 

derived in the function-space ways described as 

follows[12]: 

 

( )Y f X   ,     (1) 

 

Where (X,Y)={(x1,y1),(x2,y2),…,(xn,yn)} is a training 

set. Each xi is an input sample in Rd and each yi is an 

output value in R. is zero mean, additive Gaussian noise 

with known variance
2

n
 . The output value Y has follow-

ing prior distribution. 

 Y~N 0, K X, X + σn2In  ,    (2) 

 

Where K(X,X) is the covariance matrix of the input 

values. kij = k(xi,xj) is an element of covariance matrix, 

and the typical covariance function is the squared 

exponential kernel: 
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According equation (3), we can predict the function 

value at an arbitrary point x*, conditioned on training data 

X, y. The posterior over function values is Gaussian with 

mean
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When we adopt RSS-based fingerprint positioning, the 

Input values X correspond to sampling cell positions and 

the output values y correspond to sampled signal strengths. 

The GPs posterior is estimated from training signal 

strength values with their physical coordinate. Assuming 

independence between different access points (APs), we 

estimate the GPs for each AP separately. During positio-

ning, the likelihood of new output values can be computed 

at any sampling cell using (4) and (5). The estimated 

signal strengths from different APs at same sampling cell 

constitute a fingerprint. Therefore, we can just gather few 

training fingerprints to obtain the global fingerprints 

database. However, it is still an unknown problem whether 

the synthetic fingerprints from GPs model has the same 

performance with real raw data or not. 

 

4. FINGERPRINTS DATABASE CHARACTERISTIC 
 

In order to verify the effectiveness of the GPs method, 

we deploy 8 APs in the ceiling of our 26m*38m office 

room. Figure 2 illustrates the layout of our test 

environment. We first sample the fingerprints at inter-

section cells as the training data, which is based on the 

assumption that the nearby sampling points have similar 

fingerprints. This is because the log relationship between 

signal strength and distance so as to the signal strength can 

be almost invariant over very large scale. Therefore, the 

intersection cells with sparse distributions can basically 

represent the overall environment characteristics. 

 

 
Fig.2. The deployment of test room 

 

We select 16 intersection cells to sample training data 

and then generate 72 synthetic fingerprints correspond to 

72 cells according to the constructed GPs model. Mean- 

while, we sample the real fingerprints at the 72 same cell 

positions in order to verify the performance of GPs. We 

randomly select 20 positions to execute fingerprint positio-

ning procedure, where we adopt kNN clustering algorithm 

to deliver the matching real-time fingerprints with synth-

etic data and real data. The comparison experiment results 

are shown in the figure 3. We can find the synthetic 

fingerprints have a lower positioning performance. It also 

illustrates that synthetic data from GPs model with some 

noises are not instead of the real sampling data. 
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Fig.3. Real and synthetic fingerprint positioning 

 

We further analyze the characteristic between synthetic 

data. Generally, the matching metric of fingerprint 

similarity is the Euclidean distance between signal 

strength measurements. We redefine the Euclidean 

distance between fingerprints as fingerprint granularity. In 

practical, we know the signal strength has an inherent 

variability since the environmental noises[13]. So our 72 

groups of real samples have some inherent measurement 

errors. Therefore, when the fingerprint Euclidean distances 

are smaller, the fingerprint will be undistinguishable and 

similar. We set the fingerprint granularity level leaded by 

inherent measurement errors as the threshold of fingerprint 

similarity. When the fingerprints distance is less than the 

similarity threshold, we call the fingerprints have the 

similarity.  

We assumed the inherent measurement errors follow 

zero mean normal distribution with ε variance.  The 
similarity threshold ethr with n APs can be described as 

follows: 

 

 2
1

( ) ( ) 2
n

thr i i

i

e r r n  


      (6) 

 

Where ri is the received signal strength from ith AP, and 

the variance of ε can be obtained from experimental 

results, which is about 5db[13]. Accordingly, we can 

compute the experimental threshold ethr=28db by equation 

(6). When the fingerprint granularity is less than the ethr, 

the fingerprint will be undistinguishable. In the figure 4, 

we show the fingerprint granularity of the real and 

synthetic data. We can find the similar fingerprints have a 

larger proportion in both data. Meanwhile, we also find the 

synthetic data have a higher similar proportion than real 

data. It is because the synthetic data are constructed based 

on the assumption that the similar signal strength 

fingerprints are mapping to a nearby cell position. But the 

inherent noises have actually influenced the above 

assumption. The more similar fingerprints will reduce the 

fingerprint positioning performance so that we will focus 

on removing fingerprint similarity of samples to achieve 

fine-grained fingerprint positioning. 

 
Fig.4. Real and synthetic fingerprint granularity 

 

5. FINE-GRAINED FINGERPRINT POSITIONING 

ALGORITHM 
 

The fingerprint similarity is the primary cause of the 

coarse-grained positioning results. Here, we propose an 

improved K-Means clustering algorithm based on the 

hierarchical kNN matching. We first take the similar 

fingerprints as a whole. Therefore, the similar fingerprints 

need to be divided into the same clusters according to the 

similarity threshold. Then a K-Means method with double 

metrics is proposed to complete the clustering work. The 

metrics of similarity and cluster radius are different. We 

select fingerprints of the fingerprint granularity less than 

similarity threshold into a same cluster. But we set the 

cluster radius based on the physical distance instead of 

fingerprint distance. In the end, the nearby and similar 

fingerprints are divided into the same clusters. The 

principle of hierarchical matching is first to match the 

inter-clusters, and then to match the inner-clusters. In 

order to achieve clustering, the K-Means method with 

double metrics is described as follows: 

Step1: 
Select k sampling fingerprints randomly, and compute 

their similar fingerprints into clusters according to the 

similarity threshold. If two or more sampling fingerprints 

belong to a same cluster, we select some other samples to 

up to k samplings.  

Step2: 
Compute the physical centers of all clusters as head, and 

set the cluster radius as the constant value l, where l is an 

experimental value.  

Step3: 
Repeat the step1 and step2 until the cluster center is in a 

stable position range or achieve to the maximum 

iterations. 

Through above steps, we can obtain the nearby and 

similar fingerprint clusters. Afterwards, we further execute 

the hierarchical kNN matching algorithm. Firstly, we 

select a nearest neighbor cluster head. Secondly, we select 

k nearest neighbors inside the cluster. Finally, we compute 

the centroid of k nearest neighbor sampling cell inner-

cluster as the object location.  
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6. EXPERIMENT RESULTS 
 

In our experiments, we still use the scenario with 8 Aps 

in the ceiling of our 26m*38m office room. We use the 72 

group of the real samples and synthetic data constructed 

by 16 intersection samples to complete our algorithm 

evaluation. Since the inherent measurement errors of 

received signal strengths exist, we use the average of 20 

sampling values as the sample fingerprint. Besides, in 

order to avoid unnecessary interference, we do not 

consider the effects from human blocking and device 

diversity. With the largely increasing of mobile location 

application, we select the GALAXY Note3 as the WiFi 

terminal device to acquire signal strengths. In our 

evaluation, we consider the evaluation metrics of the 

synthetic effectiveness and positioning accuracy. 

Specifically, we compare the performance of our synthetic 

data based on the GPs model with real raw data and 

propagation model data in [14]. 

We first analyze the performance of our GPs method to 

construct synthetic signal strength. The 20 random 

synthetic data based on 16 intersection samples have a 

comparison with their real samples from the same AP as 

show in figure 5. The solid square represents the real 

sampling value and their tail bar represents the errors 

between synthetic and real RSS. The up tail bar illustrates 

the synthetic signal strength is more than real data. 

Otherwise, it is less than real data. From the figure 5, we 

can find the synthetic data have a certain errors. When the 

received signal strength is higher, the error is smaller. 

With the reducing of received signal strengths, the errors 

are increasing. Therefore, when the received signal 

strength is lower, the synthetic data have a larger error. 

Accordingly, the positioning accuracy based on the 

synthetic data will reduce significantly. 

 

 
Fig.5. Synthetic signal strength errors 

 

The fingerprint consists of the received signal strengths 

from all APs. We compare the fingerprint Euclidean 

distance between real and synthetic data in figure 6.  Most 

of the fingerprint distances are less than the similarity 

threshold (i.e. 28db). In other words, it is within the range 

of the real fingerprint inherent measurement errors. 

Conversely, there are only a few distance over the similar-

ity threshold, which will reduce the synthetic fingerprint 

positioning accuracy. This shows most synthetic finger-

prints are effective and accurate. But there is still the 

similarity problem between synthetic data. 

 

 
Fig.6. Fingerprint distance between real and synthetic data 

 

We further compare our Gaussian process model with 

other propagation model[14]. In the figure 7, the 

horizontal line represents the real samples, the squares and 

circles represent the errors of Gaussian process model and 

propagation model respectively with real data. It shows the 

errors from propagation model are larger than that from 

Gaussian process model. This illustrates the propagation 

model has a poorer synthetic performance than GPs model 

although both model can reduce the sampling workload. In 

other words, the data of our Gaussian process model are 

more close to the real sampling data. 

 

 
Fig.7. The errors comparison between Gaussian process 

model and propagation model 

 

Finally, we compare the positioning performance of our 

improved GPs model data with raw data, original GPs 

model data and propagation model data. Since our GPs 

model has less error than propagation model, the original 

GPs data has better positioning accuracy than propagation 

model data. But they both are poorer than raw data. Our 

improved GPs model data based on a new K-Means 

method has a better positioning performance with median 

error from 3m down to 2m. It is because the improved K-

Means algorithm can reduce the influence of similarity 

fingerprints and approximate the raw data performance. 
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Fig.8. The positioning performance comparison 

 

7. CONCLUSION 
 

Fingerprint positioning using WLAN has frequently 

been suggested as an alternative to provide location 

services for indoor scenarios. However, both the accuracy 

and usability of positioning algorithm is still a significant 

challenge. In this paper, we proposed a tradeoff strategy 

between positioning accuracy and tedious sampling. We 

first use the Gaussian process model to complete compre-

ssive sampling instead of the whole-cell sampling, and 

then proposed an improved K-Means method based on the 

similarity threshold to increase the performance accuracy. 

Finally, our experiment shows our tradeoff strategy can 

get better accuracy approximating results of the real raw 

data. Meanwhile, our Gaussian process model also largely 

reduces the tedious sampling. But the improvement of 

positioning accuracy based on noisy synthetic data is still 

our following work. 
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