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Abstract—The work is devoted to the problem of constructing information-measuring systems for indoor positioning in the failure or limited availability of satellite navigation data. A model is proposed for estimating the position of an object using Bluetooth sensor data, based on the classic representations of rangefinder beacons systems. When designing a measuring system, this makes it possible to determine the specific errors while estimating the coordinates of an object. This paper presents numerical examples of the accuracy of positioning the object in typical navigation situations. It is shown that the achievable accuracy of determining the coordinates of an object is 1-2m, which is enough for traditional tasks of indoor navigation.
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I.  Introduction

Two decades ago, navigation problems were solved almost exclusively in special and industry fields (aviation, marine navigation). After mass entry of modern mobile devices (smartphones), there has been a qualitative leap of residential consumers interested in navigation tasks. 

The traditional sources of navigation data for smartphones are second generation satellite navigation systems (GPS, GLONASS). These ones allow to very accurately determine the location in conditions of observing enough number of satellites with good quality of their signals and the location of the object near the Earth's surface.

The operation of data receivers of satellite navigation systems can be difficult while using them indoor. In this case, there is an alternative way for obtaining navigation information. It is inertial navigation (accelerometers, gyroscopes), Wi-Fi access points, Bluetooth data transmission devices, atmospheric pressure sensors, compass, magnetometer, etc. For now, these alternative indoor navigation methods have taken shape as an independent tasks class [1]. Despite the keen interest in them from the side of researchers and IT developers, standard methods for its solution have not been yet developed. However, among the existing developments can be noted the following well-proven approaches.

Inertial sensor data. One of the inertial navigation task type is solved using gyroscopes and accelerometers of the mobile device [2]. The advantage of this approach is autonomy and independence from external infrastructure. But unfortunately, inertial navigation information is available to household devices only with a large measurements error. This makes this approach useful only for special devices equipped with high accuracy navigation sensors.

Wi-Fi and Bluetooth. The first way to use such data is to solve a problem like trilateration. In this case, the source data for estimating the observed object coordinates are the measurements of the “object-sensor” distances. The ranges are estimated from the level of the signal received by the mobile device [3]. This method is like that used, for example, in hydroacoustic [4]. The second method is determination object position by comparing measured signal levels from surrounding sensors with previously measured values tied to a room map (signal level map, radio imprint) [5, 6]. The advantages of the approach are the possibility of using already deployed data transfer networks (Wi-Fi). On the other hand, the disadvantage is the high error of measuring the signal level, the discreteness of these signal level maps, which fundamentally limits the accuracy of navigation and the need for preliminary calibration and tuning (learning) of the system [7, 8].

Bluetooth devices for indoor navigation tasks has several advantages [9, 10]. Firstly, this is the infrastructure-based construction with low-cost and widespread equipment that does not require special professional staff skills. Secondly, the possibility of arbitrary configuration of sensors on the walls of the room due to their small size and autonomy. Thirdly, the visibility range of Bluetooth devices is small, and their signal does not pass through the main walls of buildings, which completely solves the so-called “floor problem” [3]. This article mainly focuses on model of the navigation system based on Bluetooth devices, measuring signals levels that interpret as the object-sensor range. The aim of the work is to estimate the characteristic accuracy of determining the object position and the prospects for using this approach for various applications.

II. Problem statement and Model Representation
The data transmitted by a Bluetooth device contains quite a lot of information about its operation [11]. From the point of view of the problem under discussion, the most important data elements are the unique identifier of the monitored device and the relative power level of the signal received from it (the unit used in smartphones is usually dBm). The level of the received signal is related to the “object-sensor” range by the following known relation [12]:
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Here u is the level of the signal received by the mobile device (object) at a distance d from the Bluetooth device (sensor), 
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 is the signal level measured at a distance 
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 from the device, n is the coefficient of the propagation of the signal in the environment. The values ​​of the parameters 
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  (calibration distance and signal level) is the technical characteristics of a device, the value of the attenuation coefficient n is also considered as known. Generally, these values ​​can be determined by calibrating the device. In Fig. 1 shows an example of the data, where the “object-sensor” range is plotted on the abscissa axis and the level of the received signal is plotted on the ordinate axis. The points correspond to the real signal, the solid line to the results of determining the values ​​of 
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 and n (i.e. calibration) by the least squares method.

Let’s introduce the right orthogonal coordinate system xy associated with the room. Suppose there are N sensors, "visible" from mobile device. The "object-sensor" range is associated with the coordinates of the object and sensor as follows: 
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where x, y is the object coordinates and 
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 is the coordinates of the i-th sensor.

The measurement equations will be
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where 
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 is the signal level of the i-th sensor received at the object at the 
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 is the coordinates of the i-th sensor, 
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 QUOTE ytk  is the coordinates of the object at the 
[image: image18.wmf]t

k

 QUOTE tk  moment of time, 
[image: image19.wmf]*

i

u

 QUOTE u*i and 
[image: image20.wmf]*

i

d

 is the calibration values of the signal level and distance of the i-th sensor, 
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 QUOTE ηitk  is the instrumental measurement error i-th sensor referred to the time point 
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 QUOTE k=1,M ,  QUOTE M M  is the number of measurements from each sensor. 

[image: image24.png]



Fig. 1. Example of the data and sensor calibration

From Fig. 1 the value 
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 lies within the boundaries of the interval, almost constant in the range of distances less than 5-6 meters. This range should be considered as boundary where the relation between it and the signal level is a well identifiable with (1). At the same time, even at short distances, the errors in measuring the signal level and the object-sensor distances are nonlinearly tied, which significantly affects the accuracy of determining the object coordinates.


Suppose that the motion of an object is described by the following kinematic model:
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 QUOTE ,v-x.tk  and 
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is the components of it velocity vector.

Linearization of equation (1) leads him to this form:
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where 
[image: image33.wmf]()

k

xt

d



 QUOTE δxtk , 
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 is the errors of a priori representations of the object coordinates, 
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  QUOTE δ,u-i.tk is the measurement discrepancy.


Features of the software implementation with the possibility of accumulation and joint measurement data processing for a certain period make it possible to cast it to the least square’s method. Let's write the equations (3) considering the object coordinates evolution model (2): 
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or in general:
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 QUOTE ,v-y.tk is the full vector (with M × N length) of measurements residuals on the observation interval, 
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 is the vector of errors of a priori representations of the system state (object coordinates and velocities) at the selected time 
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 is the measurement error vector. The goal of solving problem (4) is to estimate the vector 
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. These estimations can be performed, for example, by reducing the problem to a system of linear algebraic equations and its solutions by well-known methods:
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where 
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 is the covariance matrix of the random vector ξ determined by the properties of instrumental measurement errors 
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. mean is the expectation operator. As shown below, the values of the corresponding coefficients of the matrix D allow us to estimate the distinctive accuracy of determining the object coordinates for various configurations of the sensor system used for indoor navigation.
III. Numerical and Full-Scale Results

A numerical research of the problem was carried out for the following parameter values: the instrumental error of measurement of the sensors has a normal distribution with a dispersion of 25 dBm2; the frequency of updating the signal level is 0.07s, which is typical for modern smartphones; the number of measurements M from each sensor is 28, which corresponds to the length of the observation interval of approximately 2 seconds.
The simulated location of the sensors in the typical situation of a hall or a room (10×10 meters) is shown in Fig 2a. Sensors are "glued" on the corners and on the walls of the room. It’s considered that the sensors are in the same plane with the moving object (or rather close to this plane) which makes it possible to limit by using only the two-dimensional model version.
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Fig. 2. Sensors configuration (a) and calculations of the typical positioning errors: kinematic problem (b), static problem (c)
Let’s consider two variants of the state vector 
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: with components that include the coordinates and velocities of the object (the kinematic problem) and with components that include only coordinates (the static problem).


The average error values of estimating the object coordinates 
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 in a kinematic problem, calculated according to (5) is shown in Fig. 2b. The 
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 takes values from 0.9 to 1.2 meters. Similar data where values in a static problem are shown in Fig. 2c. In the latter case they are approximately two times less than in the kinematic one. Such an expected error of coordinate estimation should be recognized as acceptable for many applications.


For the full-scale experiments, Bluetooth SKYLAB Beacon VG01 [13] and Samsung Galaxy S8 mobile phone on the Android platform were used. They showed that the error in estimating the object coordinates in experiment are fully corresponds to that prediction performed by calculations. It fits into a circle with a radius of 2
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. This confirms the possibility of using data on the value 
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 in the design of the navigation system type considered this this paper.

The accuracy of solving a static problem is significantly higher (approximately 2 times) than the kinematic one. At the same time, ignoring the object velocity in the model during its actual movement leads to its unsatisfactory solution. Therefore, when developing an application that perform mobile device navigation, it is imperative to implement the identification of the motion model. For not moving objects it is good to use the static model of the problem, and for moving objects use the kinematic model.
IV. Conclusion

The results of this research make it possible to optimistically appreciate the possibility of building a navigation system based on Bluetooth beacons using classic model representations of lighthouse distance measuring systems. With a typical distance between the lighthouses and the object (like 5m), the achievable accuracy of determining the object coordinates is 1-2m, which is enough for traditional navigation tasks inside buildings (building a path, contextual advertising). A further accuracy increases of navigation can be associated with a decrease in the random component of instrumental measurement errors by identifying the signal model and applying various filtering algorithms. A perspective improvement of the navigation accuracy to values about 0.5 meters would allow a qualitatively expanding the possible range of tasks to be solved.


It should also be noted that the construction of the navigation system of this type is always associated with the adjustment of the sensors to the local coordinate system. Such connection can be carried out by various known methods, including those described in our works published earlier [14].
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