
Sensors & Transducers, Vol. 168, Issue 4, April 2014, pp. 223-228 

 223

   
SSSeeennnsssooorrrsss &&& TTTrrraaannnsssddduuuccceeerrrsss

© 2014 by IFSA Publishing, S. L. 
http://www.sensorsportal.com 

 
 
 
 
 

The Research of Indoor Positioning Based on Double-peak 
Gaussian Model 

 
1, 2 Lina Chen, 2 Chunyu Miao, 2 Jianmin Zhao, 1 Zhengqi Zheng 

1 East China Normal University, Shanghai, 200241, China 
2 Zhejiang Normal University, Jinhua Zhejiang, 321004, China 

1 Tel.: +86-579-8228-2501, fax: +86-579-8229-8229 
1 E-mail: chenlina@zjnu.edu.cn 

 
 

Received: 20 January 2014   /Accepted: 7 March 2014   /Published: 30 April 2014 
 
 
Abstract: Location fingerprinting using Wi-Fi signals has been very popular and is a well accepted indoor 
positioning method. The key issue of the fingerprinting approach is generating the fingerprint radio map. 
Limited by the practical workload, only a few samples of the received signal strength are collected at each 
reference point. Unfortunately, fewer samples cannot accurately represent the actual distribution of the signal 
strength from each access point. This study finds most Wi-Fi signals have two peaks. According to the new 
finding, a double-peak Gaussian arithmetic is proposed to generate a fingerprint radio map. This approach 
requires little time to receive WiFi signals and it easy to estimate the parameters of the double-peak Gaussian 
function. Compared to the Gaussian function and histogram method to generate a fingerprint radio map, this 
method better approximates the occurrence signal distribution. This paper also compared the positioning 
accuracy using K-Nearest Neighbour theory for three radio maps, the test results show that the positioning 
distance error utilizing the double-peak Gaussian function is better than the other two methods.  
Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

Location Based Services (LBS) is a mobile 
application that depends on mobile devices and the 
mobile network to calculate the actual geographical 
location of mobile user and further more to provide 
service information that users need, related to their 
current real-space position [1, 2]. One of the key 
issues for LBS is positioning accuracy, and 
particularly since the requirement for positioning 
accuracy indoors is usually higher than that for 
outdoor. In outdoor applications, using Global 
Navigation Satellite System (GNSS) such as Global 
Positioning System (GPS) is sufficient because it 
provides location accuracy within several meters. 

However, GPS is still not suitable for indoor 
positioning as the signal from GPS cannot penetrate 
walls of buildings [3, 4]. 

Indoor positioning technology has attracted a 
huge interest from the research community. There are 
many techniques that can be used in indoor 
positioning such as the angle and time difference of 
the arrival of a signal. However, there are significant 
multipath effects and a non-line of sight environment 
that can lead to inaccurate angle and time 
estimations. The fingerprinting technique has been 
accepted as a simple and effective approach that can 
provide location-aware capability for devices 
equipped with WLAN (such as Wi-Fi) in indoor 
environments [5]. 
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Wi-Fi is now generally adopted for indoor 
positioning due to widely deployed access points 
(APs). Mobile devices are equipped with Wi-Fi 
chipset as a standard and Wi-Fi signals are typically 
available in most buildings. Additionally, Wi-Fi as an 
existing infrastructure can reduce the cost of 
implementing location dependent services and by 
only utilizing signal strengths (SS) it can easy to 
obtain the required measurements to determine a 
user’s position. These advantages have made using 
Wi-Fi for indoor positioning very popular. 

Because of non-line-of-sight (NLOS) propagation 
and multipath effects for signals it is very difficult to 
convert SS measurement to range measurement 
accurately, in order to overcome this problem 
fingerprinting is usually utilized [6]. The 
fingerprinting approach is considered as a better 
method for ubiquitous indoor positioning as it utilizes 
the NLOS propagation and multipath by mapping 
location with received signal strength indicator 
(RSSI) [5, 7]. 

Although the RSSI can be chosen as the 
characteristic value to refer indoor location in 
fingerprinting positioning systems, the actual 
distribution of RSSI for IEEE 802.11a/b/g itself is 
rarely known. The location fingerprints can be as 
simple as patterns of averaged RSSI or distributions 
of RSSI from a number of APs. In the literature 
systems that maintain or estimate distributions of 
RSSI for each location usually have better 
positioning performance [8]. A lognormal 
distribution was assumed to model the RSSI [9]. 
Shape filtering on the empirical distribution was 
utilized to estimate the RSSI distribution [10]. Kamol 
et al compared measured data to a Gaussian model to 
see how well a Gaussian model can fit the data [11]. 
Another solution was presented using the Weibull 
function for approximating the Bluetooth signal 
strength distribution in the data training phase of 
location fingerprinting [12]. All this shows that 
improved understanding of RSSI and approximations 
of actual RSSI distributions are key issues to 
improving the performance of WLAN  
indoor positioning. 

The average SS of each Wi-Fi AP measured at 
each reference point (RP) is used to generate the 
radio map. Since the variation of the SS measured at 
each point is large, the RSSI distribution is not 
usually close to the Gaussian or Weibull. The 
distribution typically varies at different locations and 
at the same location when the orientation of the 
antenna changes [13, 14]. In our recent research, 
some new characteristics of Wi-Fi signals were found 
as listed below and shown in Fig. 1. 

1) The vast majority of distribution of received 
signal strength (RSS) from APs consisted of two 
peaks and a long tail as the red line shows in Fig. 1. 
The double peaks are especially obvious. This has not 
been mentioned in previous literature. 

2) A Gaussian function does not better 
approximate the distribution of the RSS, just as the 
black line in Fig. 1 shows. The Gaussian function is 

fit using the same data as the occurrence in red line. 
Unfortunately, the shapes of the two lines are not 
very similar. 

3) The part with the poorest approximation lies in 
the double peak region of the data. About 90 percent 
of signals are in the double peaks region and nearly 
50 percent of signals are in peak 1 as illustrated in 
Fig. 2. The large difference between the two lines 
may lead to larger error for location fingerprinting for 
indoor positioning. 
 
 

 
 

Fig. 1. A new distribution characteristic of signals with two 
peaks and a tail and non-Gaussian function. 
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Fig. 2. Distribution proportion of signals in Fig. 1. 
 
 

The generating of the radio map is an essential 
prerequisite for a location fingerprint. The more 
measurements obtained at each RF the better the 
performance of the positioning.  

However, more measurements mean more time is 
required to complete the more intensive 
computational task. In fact, only a few samples of the 
RSSI are typically collected at each RF, so the 
limited samples cannot represent the actual signal 
distribution well.  

This paper presents a new approach using the 
double-peak Gaussian arithmetic (DGA) to 
approximate the Wi-Fi SS distribution according to 
the characteristics observed. Compared to the 
Gaussian function, the experimental results show that 
the location fingerprint indoor positioning using 
DGA is better than the Gaussian approach. The study 
also improved the efficiency of generating a 
fingerprinting database. 
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2. Experiment Design 
 
2.1. Location Fingerprinting 
 

The last several decades have seen a 
revolutionary in the development of Global 
Navigation Satellite Systems (GNSS). Positioning 
and navigation is almost perfect in outdoor. However, 
GNSS is not possible to receive enough good quality 
satellite signals inside building or underground mine 
that lead failure to apply in indoor. 

Indoor positioning technologies can be based on 
random signals. The random signals such as Wi-Fi 
signals are not intended for positioning and 
navigation. These signals are designed for other 
purposes, and given the harsh reality of signal 
propagation in the indoor environment achieving a 
high degree of accuracy is a very difficult, if not 
impossible, task [15, 16]. Fingerprinting is widely 
used where signal propagation by direct line-of-sight 
detection is not typical. The low cost and wide 
coverage of such methods are the main advantages. 
There are many positioning technologies that require 
the deployment of infrastructure, such as positioning 
systems using infrared, ultrasound [17, 18] and ultra-
wideband [19]. Development new infrastructure not 
only costly but also the coverage is usually very 
limited such as using hot spot mode. Such 
technologies typically have to be utilized if a reliable 
and accurate positioning result is required. An 
obvious advantage of using Wi-Fi signals for indoor 
positioning is that does not need to pre-deployed 
infrastructure, which makes such a system cost 
effective and only signal strengths (SS) are available. 

As a standard networking technology Wi-Fi 
access points (APs) are widely deployed. Modern 
mobile devices are now equipped With Wi-Fi chips 
and Wi-Fi signals are easily available almost in 
possible every building which makes using Wi-Fi for 
indoor positioning become a very practical means. 

Positioning based on Wi-Fi location 
fingerprinting consists of two phases that is the off-
line data training phase and the on-line location phase 
as shown in Fig. 3.  

The off-line phase builds a radio map for the 
targeted area based on RSSI, and the on-line phase is 
to calculate the user’s location based on the 
fingerprints stored in the radio map. For the off-line 
training phase, the targeted area is divided into some 
cells which are considered as reference points, and 
the coordinates of the reference points are determined 
in advance. Then the RSSI at each reference point 
from all access points are collected, processed and 
stored as fingerprints in the radio map. During the 
on-line location phase, the unknown position of a 
mobile user is estimated by comparing the current 
RSSI measurements with the data in the radio map 
[20, 21]. 

 
 

2.2. Experiment Condition and Device 
 

This study does an experiment in a six-storey 
office building. There are total of 46 access points 
(AP) placing to serve most areas. All access points 
inside this building can support IEEE 802.11a/b/g 
wireless local area network (WLAN) cards. 
Measurements were made in one room with 
45 square meters on the fourth floor. There are 
arranged four reference points (RF) and five test 
points (Ti, i=1, 2, 3, 4, 5) as illustrated in Fig. 4. 

A standard laptop computer was used to collect 
Wi-Fi signals at all reference point and test points for 
the whole experiment. Table 1 lists the device and 
chipset information and the standard information of 
wireless local area network. Note that the results of 
this paper only relate to the wireless device used in 
the experiment. It may be the same with other 
computer hardware, but that requires additional study 
beyond the scope of the current work. 

 
 

 
 

Fig. 3. Location fingerprinting arithmetic. 
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Fig. 4. Condition of experiment (five test points Ti (i=1,2,3,4,5) and four RFs). 
 
 

Table 1. Device and chipset information. 
 

Vendor Intel Corporation 

Model Advanced-N 6205 

Chipset Intel 

Interface PCI-E 

Standards IEEE802.11a/b/g 

 
 

3. The Experiments Results 
 
3.1. The Double-peak Gaussian Arithmetic 

(DGA) and Gaussian Function 
 

As is commonly known, Gaussian fitting is a 
traditional method. Its probability density function 
can be expressed as: 
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where x is the variable of the function, u is the mean 
of x, and σ is the standard deviation of x. In this 
paper, the RSSI of each AP was divided into two 
parts according to the minimum value between the 
two peaks. Following this, each part was regarded as 
a Gaussian function. Finally the two functions were 
added. Judging from the distribution proportion of 
the signals of two peaks shown in Fig. 2, the weight 
given to each Gaussian was 1/2. In this paper, the 
DGA probability density function was defined as 
function (2), where u1 and σ1 respectively are the 
mean and the standard deviation of the signals of  
part 1, and u2 and σ2 belong to part 2. 
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3.2. The Comparison of DGA and  
Gaussian Function 

 
Using the Gaussian function to generate radio 

maps of location fingerprinting for indoor positioning 
is not a new method [20]. Since the variation of the 
SS measured is large at each point, in order to 
achieve more accurate results, the probabilistic 
approach based on Gaussian distribution has also 
been developed. Unfortunately, the distribution of the 
SS is non-Gaussian.  

This is observed in section one. We attempt to 
characterize the properties of indoor received signal 
strength and the results given in Fig. 5 provided 
preliminary guidelines to better understand the nature 
of RSSI from an indoor positioning systems 
perspective.  

 
 

 
 

Fig. 5. Comparison of Gaussian function and double-peak 
Gaussian with the occurrence distribution of RSSI. 

 
 

In Fig. 5, the red dash line is the occurrence 
distribution of RSSI, the blue solid line is the 
probability distribution that derived from the double-
peak Gaussian with the occurrence RSSI, the green 
solid line shows the probability distribution derived 
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from the Gaussian function solution with the 
occurrence RSSI. It can be seen from Fig. 5 the 
probability distributions estimated with the double-
peak Gaussian solution are significantly better than 
that obtained from the conventional Gaussian 
function approach. 
 
 
3.3. The Location Fingerprinting Using DAG 
 

The data collected in this experiment was further 
utilized to produce location fingerprints. Three 
groups of radio maps were generated. These 
databases using the Gaussian function, traditional 
histogram and using Double-peak Gaussian 
arithmetic proposed in this study. 

To compare advantages of radio maps generated 
here against a different approach, the K weighted 
nearest neighbor (KWNN (K=4)) algorithm has been 
selected. This test uses the inverse of the signal 
distance as the weight. Fig. 6 shows the location error 
using the three algorithms for five test points. The 
blue, the green and the red solid line respectively 
stand for the Gaussian, histogram and the double-
peak Gaussian arithmetic. Clearly, the positioning 
accuracy using double-peak Gaussian method is 
better than the other two approaches, at all test points. 
 
 

 
 

Fig. 6. Distance errors of each test points using three  
radio maps. 

 
 

The average distance error for whole, horizontal 
and vertical direction is listed in Table 2. The test 
results the positioning accuracy using double-peak 
Gaussian approach are improved for every direction. 
The highest improved range of mean distance error is 
about 28 %, the horizontal direction is 56 % and the 
vertical direction is 38 %. The smallest sized error for 
all directions was as low as 26 % below  
other methods. 
 
 

Table 2. List of distance errors (unit: m). 
 

 Gaussian Histogram 
Double-

peak 
Gaussian

Mean(D1) 1.50 1.45 1.08 

Horizontal (D2) 0.89 0.96 0.42 

Vertical (D3) 1.00 0.92 0.62 

 

In order to better recognize the double-peak 
Gaussian arithmetic, the maximum and the minimum 
distance error for each approach and every direction 
were compared. Table 3 lists the results. From Table 
3 two conclusions can be drawn. 

One is that either maximum error or minimum 
error has been improved using the double Gaussian 
technique and the other is that the biggest absolute 
distance error decreased by more than 0.8 meters. 
 
 

Table 3. List of distance errors (unit: m). 
 

 Gaussian Histogram 
Double-

peak 
Gaussian 

Max 
D1 2.18 1.94 1.38 
D2 1.70 1.68 1.07 
D3 1,98 1.71 1.35 

Min  
D1 0.32 0.43 0.24 
D2 0.23 0.15 0.12 
D3 0.23 0.22 0.04 

 
 

4. Conclusions 
 

Because of the new characteristics (two peaks), 
this paper presents a new solution using double-peak 
Gaussian arithmetic to approximate the WiFi signal 
strength distribution in the off-line training phase for 
location fingerprinting. This approach makes it easy 
to estimate the parameters of the double-peak 
Gaussian function. Compared to the Gaussian 
function, the double-peak Gaussian utilizes two peaks 
to describe the distribution over the entire RSSI 
domain. This research indicates that the reliability 
and accuracy of the fingerprint radio map is improves 
with the double-peak Gaussian function. A histogram 
and Gaussian function position estimation based on 
K-Nearest neighbor theory is utilized in the 
positioning phase. The test results show that the 
positioning accuracy using the double-peak Gaussian 
arithmetic performs better than the other two 
fingerprint methods. 

Although this test shows better results, there are 
still additional concerns. First, this experimental test 
bed only a small office, the distance between the 
reference points and test points is relatively small 
which leads to the distance error being less obvious. 
Another, using double-peak Gaussian function to 
build fingerprinting database has not been applied in 
other WLAN or other open area to verify 
functionality. Furthermore, the measured SS at each 
point has a large variation. It even varies at the same 
point at different times. Addressing these issues is the 
subject of future work. 
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