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a b s t r a c t 

Automatic vehicle tracking systems ease the completion of numerous tasks in different fields. Moreover 

they can automatically capture information, this feature allows to perform location tasks. These systems 

can be implemented at airports, in shopping centers and in other large buildings; in this way, wireless 

network scans will serve as a basis for the creation of signal maps that can be used in indoor loca- 

tion systems. This work proposes an automatic people tracking system which also allows to map Wi-Fi 

networks in order to localize people indoor. In order to operate the system, information on vehicle move- 

ment was used to capture signal maps, with the aim of reducing the need to perform manual calibration 

and thus, improving the updating of information. The final location is determined by combining informa- 

tion provided by wireless networks, Bayesian networks are employed for this task. 

© 2019 Elsevier B.V. All rights reserved. 
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1. Introduction 

In the last years, considerable developments have been made in

the field of indoor location systems; they have become more pre-

cise and can now locate users in real-time. These advances have

allowed to leverage location systems in different fields; they can

be found in case studies in the areas of medicine [1,2,10] , employee

monitoring [3] , robots [4,5] etc. It is necessary to consider both the

technology and the algorithms that can be used in location sys-

tems. The current trend in location systems is that they should

operate, not one, but various technologies, in order to be able to

apply information fusion techniques in the final calculation of a

users’ position. The purpose of this work is to create a system that

will allow to combine the information provided by the different lo-

cation mechanisms. Moreover, it intends to facilitate the process of

location by means of the automatic mapping of signal levels. 

Advances in system location have include both hardware and

software. In the hardware part, systems with different technologies

have been developed, such as Wi-Fi, RFID, Bluetooth, ZigBee or the

analysis of electromagnetic fields. These systems have often been

combined with other technologies, such as inertial systems. The

main problem presented by these systems is low precision, in or-

der to improve it, new algorithms based on fingerprint [12,16] have

been applied. These algorithms have been chosen because they al-
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ow to locate users more precisely on the basis of the measure-

ent of changes in the signal levels [12,20,21] . The main problem

resented by the fingerprint technique is the need to make calibra-

ions of the environment; this means that before the system can

e used, a lot of time and efforts are required in order to maintain

he information on signal levels updated [12] . 

This work proposes a multi-agent system which allows to locate

evices in indoor spaces by operating iBeacon and Wi-Fi signals.

he location system integrates iBeacon in order to determine scan-

ing points, these scanning points are prefixed beforehand as the

ey points for calibration. At the points at which Bluetooth is de-

ected, automatic scanning of the levels of Wi-Fi and iBeacon sig-

als is carried out with the aim of creating a signal map and in

rder to make the use of fingerprint feasible. Moreover, the infor-

ation on signal levels obtained from the iBeacons will be used in

rder to establish the aisle in the supermarket at which the user is

ocated. After determining the aisle, the device is placed inside it

hanks to the measurements made. Once we have these measure-

ents, an application of the Bayesian signal distribution model is

erformed, obtaining a series of probabilities of stay at a calibra-

ion point. The system uses these probabilities to triangulate and

alculate the final position. 

In addition, time series will be applied in order to reduce the

scillation in the location of users. The proposed system has been

sed in a supermarket, for this purpose a shopping trolley was de-

eloped; the trolley tracks the users path and also guides the users

o the place they want to reach. Without leaving out the traditional

unctions of this device, it is an element that is perfectly integrated

ith its environment, capable of detecting users and their gestures,
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his allows the trolley to always follow the correct user. The trol-

ey independently follows the user and helps him in his shopping

asks. Moreover, it tells the system where the user is located at all

imes. All the movements made by the trolley are calculated au-

onomously, with the data provided to the Tablet by diverse sen-

ors. This tablet is in charge of calculating the movements; these

alculations are passed on to the microcontrollers which change

hese values into the energy that is provided to the motors for

ovement. This article is structured in the following way: related

ork is reviewed in Section 2 , Section 3 describes the proposal,

ection 4 shows the case study and finally in Section 5 the results

nd conclusions obtained are outlined. 

. Heuristics applied to optimization 

Currently, location systems are widespread and their function

aries depending on the case study. Outdoor location systems are

sually based on the use of the Global Navigation Satellite System

GNSS), such as GPS, GLONASS, Galileo etc. [6] , these systems of-

en use different satellite networks to establish the final position.

n initial works, we can see how sensor networks, consisting of

eacons and tags, are deployed in order to locate objects in en-

losed spaces. Along with the evolution of technology, indoor loca-

ion systems have also been evolving. At the beginning it was pos-

ible to find location systems based on RFID technology; this was

ue to its low cost and because its features allowed to operate ac-

ive and passive tags, although passive tags had limited capacities. 

RFID based systems were implemented in different environ-

ents, for example, for the tracking of patients in hospitals [2,7] or

o track objects in general [8] . With the appearance of new tech-

ologies, such as ZigBee, it was possible to create indoor location

ystems with greater precision [9] . Unlike Wi-Fi or Bluetooth, Zig-

ee never came to be integrated in mobile phones, this is why

here have been Wi-Fi [10,11] and Bluetooth [12,13] . based indoor

ocation systems. 

Apart of looking at the signal level that reaches the devices by

perating numerous technologies, different sensors have also been

sed, such as a camera or accelerometers, in order to implement

he systems. In work [14] , natural visual markers and inertial sys-

ems are used jointly in order to calculate the location of the user.

ode based visual markers could be used as an alternative for find-

ng the users’ location [15] . New trends in location systems make

se of magnetic fields [16] , sound and lighting in order to detect

he location of the user [17] . 

When dealing with networks formed by beacons and tags, not

nly the technology that will be used has to be considered, but

lso the location algorithm which will be used in the location pro-

ess. In the case of wireless networks, it is common to use the

eceived signal strength indicator (RSSI) [11] , to determine the dis-

ance of the device according to the variation of the signal, al-

hough more information could be obtained, such as the signal

uality LQI (Link Quality Indicator) [18] . There are numerous al-

ernatives, such as signpost, which associates a tag with the bea-

on that is receiving the strongest signal level; on some occasions

he tag itself will emit the signal that is received by the beacons

nd in others, a beacon will emit the signal and it will be received

y other beacons. Some algorithms intend to establish the location

ore precisely by considering the attenuation of the signal with

he distance [11] trilateration and multilateration based algorithms

19] , function in this way. The main difficulty that these techniques

isplay is when there are obstacles that attenuate the signal, for

his reason the use of fingerprint [12,20,21] is more advisable. 

Other studies that propose location systems with Wi-Fi, Blue-

ooth, magnetic field, sounds etc. use fingerprint. With fingerprint,

t is necessary to carry out the calibration processes which allow

o relate a particular location with sound, magnetic field or signal
evels [12,16] . In order to carry out the calibration process, inertial

ystems can be used in the same way that they are used during

ocation [16] . This will make the calibration process easier [12] as

t will be possible to establish points of origin, destination and to

etect the steps of the user, in this way, relating location with sig-

al levels. In recent works, it is common to find location systems

hat combine inertial systems with Wi-Fi [12,21] . 

In this article, we intend to simplify the calibration process by

sing iBeacons and by measuring signal levels automatically in the

ocations in which they are detected. The use of these iBeacons

llows to update signal levels automatically and in addition to in-

egrate new measurement points more simply. 

. Proposal 

The Project was carried out using a multi-agent system which

llows to control both the hardware of the trolley as well as the

unctionality of the location system. A multi-agent system has been

hosen due to the possibilities it gives when including new func-

ionalities dynamically. Fig. 1 shows the multi-agent system with

ts organizations. The trolley organization is in charge of operating

he vehicle and allows for its movement, it includes the following

gents for this purpose: The User detection agent, in charge of de-

ecting and calibrating the user; the Movement agent, gives move-

ent to the trolley through the actuators; the Obstacle detection

gent prevents collision while the trolley is moving and finally, the

ID agent controls the movement of the trolley. The location or-

anization is in charge of carrying out the calibration and location

rocesses by employing different machine learning techniques. The

Beacon and Wi-Fi agents are in charge of making a wireless scan-

ing. The calibrate and location agents make use of the iBeacon

nd Wi-Fi agents when obtaining signal levels, both agents receive

he scanning data from iBeacon and Wi-Fi and use this information

o calibrate and locate, beside the location agent make use of the

lassifier agent that contains different classifiers in order to calcu-

ate the likelihoods belong to each calibrate point. Lastly, there is

 database organization, which has a data agent that is responsible

or managing the information in the database. 

This work is done using a multi-agent system with the aim of

enerating a structure in which future improvements can be eas-

ly implemented. For example, it will be possible to model user

ehavior, analyze the sales dynamics in supermarkets, as well as

ropose an inter-relationship evolving system between the differ-

nt organizations in the shopping cart. 

Within each of the organizations, the agents share general in-

ormation in such a way that it is common to all of them, and the

ariation in it causes changes in their behavior. 

.1. Description of the trolley’s hardware system 

This section briefly explains the functioning of the designed au-

onomous vehicle, as well as its main hardware components. Con-

idering the electronic side of the design, we can distinguish the

ollowing elements: DC motors and their drivers for the manage-

ent of movement, obstacle sensors, a central control unit, a de-

ice used to acquire images of the environment (Kinect), Bluetooth

nd Wi-Fi connection modules in order to make scans and finally

 battery that powers the entire system. 

The Microsoft Kinect device is a crucial element when track-

ng a user in the supermarket, making the following process much

impler. This device allows to recognize individuals that appear

ithin the camera’s . The API provided by the manufacturer allows

o recognize and localize the skeleton of those individuals that ap-

ear in an image. This characteristic makes it possible to develop

nd services for users, which do not require the use of a remote

ontrol. To power the Kinect, the ML2596 voltage regulator was
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Fig. 1. Multi-agent system with system organizations. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. Diagram of the electronic prototype. 

 

s  

c  

t  

t  

e

u  

 

t  
used, in order to adjust the voltage of the battery since it can reach

14 V and the voltage of the Kinect is 12 V. 

The device that is in charge of processing the images acquired

by the Kinect camera, is the Surface Tablet. It should be remarked

that it was necessary to use a tablet with the Windows operating

system, since the application used in this case study has been de-

veloped with C#. 

DC motors and motor drivers, which are connected to the tablet

using the Arduino microcontroller, via the USB port, are used to

move the trolley. 

The computations of motion kinematics for following the user

are calculated in the tablet because they are of high computing

cost for an 8-bit microcontroller, such as the Arduino. 

In order to detect people and objects moving on the sides, ul-

trasonic distance sensors are used, they allow to detect obstacles

easily and efficiently. In order to make scans for subsequent loca-

tion, a USB Wi-Fi &Bluetooth dongle is used. This allow to make

scans with a different card to the one that is used to keep the Wi-

Fi and Bluetooth connection established for the iBeacons scanning.

The connections between electronic components, that are used

in the prototype, can be seen in the diagram in Fig. 2 . An USB HUB

has been used for the connections between the Surface Tablet, Ar-

duino, Kinect and the USB dongle. 

3.2. Kinematics of movement 

The application running on the tablet, is responsible for deter-

mining user movement information that appears in the image and

to calculate, at every instant, the power that is to be applied to

the motors. The calculated power is transmitted to the motors in

a uniform way by using a microcontroller and a PID (proportional,

integral, derivative). The computational load of the system resides,

therefore, in the tablet, however the use of an 8-bits microcon-

troller Arduino is necessary in order to be able to communicate

with the motors through an analog signal. DC current motors are,

therefore, the actuators that allow to move the trolley in one di-

rection or another. To change the direction of the trolley, the mo-

tor moves in one direction or in the opposite one. The power and

speed that has applied by the motors, depend on both the load the

trolley is carrying, its distance to the user and the speed at which

the user is moving in the supermarket. In order to avoid sudden

movements and adapt the speed to each situation, a PID controller

was implemented, to control the power applied to the motors at

each instant. 
The PID controller is a closed loop control system, which con-

tantly evaluates the output of a variable in order to be able to

ompare it with a reference signal and calculate the difference be-

ween both (this value is called error). This value is introduced into

he calculations with the aim of taking the output signal to the ref-

rence signal. 

The PID controller is operated with the following formula: 

 ( t ) = K P e ( t ) + 

K P 

T i 

t ∫ 
o 

e ( t ) d t + K P T d 
d 

d t 
e ( t ) (1)

In formula (1) we can clearly observe the three terms that con-

ribute to the control of PID. K is the proportionality constant, T is
P i 
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he integrative constant and T d is the derivative constant. Similarly,

 ( t ) is the error function and u ( t ) is the output for the microcon-

roller. To find a solution to (1) , a very simple heuristic method is

mplemented: once the signal error is obtained, e ( t ) proportional

ontrol is applied immediately to K P , in order to correct it. In this

ase, the signal is modified into its multiple in order to correct

he error. This multiple is called gain and it will define a more or

ess rapid approach to the desired value. Once the control is close

nough to the objective, the error will decrease and we will need

o include a function that will evaluate the evolution of the error

ver time, modifying our correction of error. This evaluation is car-

ied out by the integral part of the system, which accumulates all

he errors that are produced over time. Due to the definition we

ade for this term, we will never look for T i values close to zero.

astly, it is necessary to evaluate the speed of change of this er-

or, and how it is adapted to the desired value, for which we will

etermine T d . 

In this system, in particular, the PID controller is implemented

n 4 stages where the distance between the trolley and the user

s evaluated and the error is the difference between the distance

f the KINECT device and the distance to the user, which is to be

5 cm. The PID controller is implemented in 4 stages, by means

f a heuristic process based on a set of constrained values for the

hree constants. 

First the proportional part is analyzed and the K p parameter is

uned. This is done by placing T i at its maximum value and T d 
t its minimum. Then, the integral part is analyzed in order to

ompensate for the disturbances and keep the distance at around

5 cm. One of the key issues is that the value of T i does not ap-

roach 0, since this will generate instability in the system. Once

revious values are established, we increase T d in order to get a

aster response, while maintaining previous characteristics. 

This control is implemented in the Arduino microcontroller

hrough the motor drivers and the PWM pulses calculated previ-

usly by the PID controller. 

.3. Calibration system 

The calibration system is created semi-automatically. The key

or carrying out the calibration consists of the iBeacons, which are

ntroduced into the environment. The location of these iBeacons

s established beforehand and is based on the distribution of ob-

tacles. Each iBeacon is associated with a point in the plan and

he MAC address is stored. The iBeacon devices are continuously

canned until the level of the RSSI signal is higher than the estab-

ished threshold. In that instant, the scanning of Wi-Fi networks

nd iBeacons begins. The signal levels of RSSI, Wi-Fi networks and

Beacon are stored. For each point p on the plan represented by

he coordinates x p , y p a set of values r is taken as indicated in the

ollowing equation: 

 

p = { w 

p 
1 
, . . . , w 

p 
r } (2)

Each of the measurements obtained at time t follows the struc-

ure indicated in the following equation: 

 

p 
t = (bssi d 1 , rssi p 

1 
(t) , bssi d 2 , rssi p 

2 
(t) , . . . , bssi d s , rssi p s (t) , x p , y p ) 

(3) 

Thus for the point o , there will be a set of values w 

p in different

nstant of time t . 

.4. Wireless network location system 

The location system operates in two stages, first, the section

n which the user is located is determined. In order to carry out

he detection of the user, the only information required is the one
rom the iBeacons. The iBeacons are associated to locations and lo-

ations are associated to sections, thus, the user is located in the

ast section in which an iBeacon was detected, with a higher level

f signal than the predefined threshold. 

Once the section in which the user is located is determined, the

ystem goes on making a location within the section. In order to

o the location within the section, supervised learning is carried

ut by means of the measurement points obtained in the previ-

us step. In order to calculate the position of the users, continuous

canning of the Wi-Fi signal levels and the iBeacons is performed.

he process of calculating the location of the Wi-Fi networks and

Beacons follows the scheme shown below. 

Once the measurements for the sections are obtained, as indi-

ated in Section 3.3 , the system proceeds to carrying out a train-

ng. Before the training, it is necessary to modify the measurement

ata, in order to keep the number of input parameters constant.

t should be considered that the measurements obtained for each

oint may not have a determined BSSID, due to the fact that the

ignal does not reach the device that is performing the scan. In

rder to carry out supervised training by means of a Bayesian net-

ork, it is necessary to keep the number of inputs constant for

ll the BSSID that are not detected. They are assigned with a de-

ault value which indicated the Wi-Fi and iBeacon signals are out

f reach. The following BSSID have been obtained during the cali-

ration process. 

SSID = { bssi d 1 , bssi d 2 , . . . , bssi d n } (4)

So that the set of measurements obtained for the point p and

ime t is defined according to (5) , here m refers to the value en-

ered when the access point is not visible from p . 

 

p 
t = (bssi d 1 , rssi p 

1 
(t) , bssi d 2 , rssi p 

2 
(t) , . . . , bssi d n , 

r ssi p n (t) , x p , y p ) /r ss i d (t) = m ∀ bssi d d / ∈ w k (t) (5) 

Therefore, from (5) , (2) is redefined as 

 

p = { W 

p 
1 
, . . . , W 

p 
r } (6)

Therefore, thanks to (6) the Bayesian network has the same in-

uts for all the points in which the calibration is carried out, if we

enote as RB W 

the trained Bayesian network from the data mea-

ured in all z points where W is defined according to the following

quation: 

 = { W 

1 , . . . , W 

z } (7)

When a new tuple is obtained with the RSSI values of each of

he access points by the following equation: 

 

∗
t = (bssi d 1 , rssi p 

1 
(t) , bssi d 2 , rssi p 

2 
(t) , . . . , bssi d n , 

r ssi p n (t) , x p , y p ) /r ss i d (t) = m ∀ bssi d d / ∈ w k (t) (8) 

We proceed to making an estimate of the probability that the

easurement W 

∗
t corresponds to each of the z points in the section,

btaining therefore probability values. 

 t = { p 1 t , . . . ∞ , p z t } (9)

here 

z 
 

i =1 

p i t = 1 (10) 

In addition, the coordinate point p represented as x p , y p is also

nown. From the values given in (9) and the coordinates of each of

he points, we proceeded to calculate the estimate of the estimated

ocation at time t defined as ( x, y ) ( t ) by triangulation in ( 11 ). 

(x, y )(t) = 

( 

1 

z 

z ∑ 

i =1 

x i · p i t , 
1 

z 

z ∑ 

i =1 

y i · p i t 

) 

(11) 
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Table 1 

List of the electronic components. 

Units Description 

1 Microsoft Kinect 360 

1 Super Zoom Kinect 

1 Surface Pro Tablet 128GB 

1 Arduino Nano 

2 IBT_2 Driver Motors 

2 Motors 

2 HC-SR04 Ultrasound Sensors 

1 YTX9-BA Battery 

1 WIFI Dongle/Bluetooth USB Endimax EW-7611UL 

1 ML2596 Voltage Regulator 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. The trolley’s hardware components. 
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Because the RSSI signal levels oscillate, even if no movement

occurs, it is necessary to smooth the displacements made to avoid

jumps and also limit the maximum displacement, according to

time. Therefore, the value calculated in (11) is not the final posi-

tion calculated, as the first step the value of the jump is limited as

indicated in (12) where d is defined according to (13) 

(x, y )(t) = 

{ 

x (t) + x (t − 1) 

d/M 

, 
y (t) + y (t − 1) 

d/M 

d > M 

(x, y )(t) eoc 
(12)

d = 

√ 

(x (t) − x (t − 1)) 
2 + (y (t) − y (t − 1)) 

2 
(13)

Finally, it is necessary to calculate the time series that reduces

the oscillations, for which the previous k measurements are con-

sidered, calculating for it a weighted average where the last value

has 80% of the weight on the final position and the remaining 20%

is distributed among the measurements as indicated in the follow-

ing equation: 

(x, y )(t) = (x (t) · 0 . 8 + 0 . 2 · (x (t − 1) · 0 . 8 . . . ) , 

y (t) · 0 . 8 + 0 . 2(y (t − 1) · 0 . 8 . . . ) (14)

4. Case study 

The prototype made for the case study is equipped with a Mi-

crosoft Kinect 360 camera, which allows to capture the position of

the user and to obtain a cloud of points which is used to detect

obstacles that are within its reach. In order to detect the obsta-

cles that are not within the camera’s view, HC-SR04 distance sen-

sors have been used, these are installed on the sides of the back of

the device, given that there are more probabilities that the trolley

will crash with these sides when making a turn. These sensors are

connected to Arduino, which sends the distances between the trol-

ley and the objects located at the sides, to an application executed

from Surface. The central element of the system is Microsoft’s Sur-

face Tablet; it executes the application that is in charge of obtain-

ing the position of the user and the cloud of obstacle points. With

these data, the Tablet constantly makes calculations of the direc-

tion in which the trolley has to move and of the power that should

be sent to the motors through the PID, and it sends it to Arduino. 

The Tablet is also in charge of scanning the Wi-Fi networks

and the iBeacons through a USB adapter from the Edimax brand,

EW-7611UL model, which incorporates Wi-Fi and Bluetooth. The

Arduino microcontroller is in charge of receiving the information

from the application executed on the Surface Tablet, about the di-

rection where the trolley should move in each instant. The micro-

controller receives this information to apply current to the DC mo-

tors, using IBT_2 model drivers for DC motors. 

Table 1 provides a list of all the electronic components, the

number of units needed in the system. 

In Fig. 3 we can see the installation point of the different com-

ponents that have been described previously in the location sys-

tem. This device has the appearance of a shopping trolley, so it
aturally fits the supermarket environment; in this way it was pos-

ible to evaluate its performance with real users, who saw the de-

ice as an intrinsic element of their everyday experience at the

upermarket. 

The main task of the trolley is to follow the users in their shop-

ing process. For this reason, it is based on the detection of the

ovements and gestures made by the users. If the user wants the

rolley to follow him, he needs to carry out the synchronization

rocess. The trolley detects gestures in the synchronization pro-

ess; the gesture chosen for the synchronization and desynchro-

ization of the trolley, is the lifting of two hands. The user has to

eep his hands lifted for two seconds. Once the trolley is synchro-

ized, it establishes a continuous detection of the user’s gestures.

o do this, the device uses the position of the skeleton, captured

y the Kinect. Once the position of the user is obtained, the device

aps the position of the obstacles in its range of movement, using

he cloud of points provided by the Kinect. Obstacles located on

he sides are detected using ultrasound sensors. When the position

f both the user and the obstacles is known, the device proceeds

erifying if the user is at a greater distance than 25 cm from the

rolley, if this is so, the device calculates a route that will allow

he trolley to get closer to the user without colliding with other

sers or obstacles. If the user stops and the trolley is at a distance

nferior to 25 cm, then it stops as well. In order to stop the trol-

ey from following the user, the desynchronization process has to

e carried out. The procedure is the same as when synchronizing

he trolley; the user has to lift his hands and keep them lifted for

 seconds, once desynchronized the trolley stops moving and re-

ains in the same position in which it was desynchronized. If one

ser is synchronized, it will not be possible for another user to

et synchronized with the trolley; a second synchronization will be

ejected by the device. In Fig. 4 shows the synchronization, desyn-

hronization steps and the task of following users, more in detail. 

The synchronization process follows a pre-established work-

ow. The first thing to be done is to detect a user. Once a user

s detected, his relative position is evaluated. If the user is per-

orming the chosen synchronization gesture, the system synchro-

izes with him if it was at rest. After synchronization, the loop re-

urns to the beginning with user detection. The position of the user

ho is now synchronized in the system is re-evaluated. As the user

ow does not perform the synchronism signal, the system picks up

ser’s position, the obstacles around them and performs the track-

ng movement towards the user. This cycle is repeated until the

ynchronized user performs the synchronization gesture again, at

his point the system returns to the idle state. 
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Fig. 4. Synchronization, desynchronization and user following steps. 

Fig. 5. A distribution map of the iBeacons and Wi-Fi networks. 
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In order to carry out the calibration process, iBeacons were

laced on the supermarket’s shelving, as shown in the Figure. The

Beacons were located in a way that there was direct vision with

o obstacles at least between two of them, they were placed at the

eginning and at the end of each aisle. On the other hand, the Wi-

i routers were installed at the facility beforehand, therefore, this

nfrastructure was not modified. 
. Results and conclusions 

The system evaluation method consists of mapping and locat-

ng an area of a supermarket in order to analyze the performance

f the system. In the tests, different phases have been carried out

o verify the operation of the different characteristics. Some f ea-

ures, such as user synchronization or motion control using a PID
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Fig. 6. The user synchronization and desynchronization window. (a) User detection, (b) User synchronization (c) User synchronized (d) Following the user. 
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controller, are evaluated using heuristic techniques and progressive

refinements are made. However, in other areas such as position

calculation, an extensive statistical analysis is required. 

The system was tested in 14 aisles, with a total of 56 iBeacons

and 20 Wi-Fi routers. In the tests, the synchronization, desynchro-

nization and location systems were tested. In order to simplify the

tests, an area of the supermarket, which we can see in Fig. 5 , was

chosen for the case study. 

First, the functioning of the synchronization and desynchroniza-

tion system is analyzed. In Fig. 6 , we can see the steps needed to

perform the synchronization. The four synchronization stages are

represented by different skeleton colors. In Fig. 6 a, the red skele-

ton is used to represent the users that are not synchronized. In

Fig. 6 b, green is used during the 2-s synchronization process.

When the skeleton is yellow, as in Fig. 6 c, the user can drop down

his hands. At last, when is blue as in Fig. 6 d, the user is already

synchronized. Until the user does not desynchronize himself, the

skeleton remains blue and the trolley follows the user. 

In order to analyze the functioning of the system, it was

calibrated as indicated in Fig. 4 . The scanning frequency for Wi-Fi

networks is approximately of 4.6 scans per second, while the iBea-

cons scan themselves 1.6 times per second. The iBeacon emission

frequency was configured at 300 ms. Every time the Wi-Fi scan

is finished, the system proceeds storing the values obtained for
i-Fi and the last iBeacons registered. The system does the same

rocedure with the iBeacons. During the calibration phase, a total

f 1596 values was obtained. 

The first step was to determine the efficiency in identifying

he supermarket aisles, each aisle was considered to be a different

ector that is identified by the iBeacons associated to that aisle.

n order to analyze average error, the use of different techniques

as analyzed in order to establish the probabilities of belonging

o each point and proceed to making the final triangulation.

uring the testing phase, a total of 10,824 measurements of Wi-Fi

etworks and iBeacons were made, for each of these measures

ere marked the x coordinate and the corresponding shelving.

he measurements were taken on several routes and they were

aken in the same order, due to the fact that they use time series

o predict location. In Table 2 , average error is shown in meters,

btained during the estimation of the position for the different

lassifiers. The classifier with the best results was the Bayesian

etwork. 

Fig. 7 shows the box diagram with the errors obtained in me-

ers, for the different techniques. From the graph we can see that

he Bayesian network and KStar are the algorithms with the best

esults. 

To determine if the difference between the different classifiers

s significant, we proceeded to perform a Mann Whitney. First, the
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Fig. 7. Diagram of boxes with the error in meters for different techniques. 

Table 2 

Average error in meters, obtained by the different classifiers. 

Classifier Error Classifier Error 

BayesNet 2.398849 MultiClassClassifier 3.665971 

NaiveBayes 3.025434 MultiScheme 23.73343 

NaiveBayesUpdateable 3.025434 RandomCommittee 2.806345 

SimpleLogistic 2.974045 RandomSubSpace 2.656918 

SMO 2.633645 Stacking 23.73343 

IBk 2.659693 DecisionTable 13.13979 

LWL 3.471543 JRip 4.040351 

KStar 2.437436 OneR 7.443464 

AdaBoostM1 18.95733 PART 4.705549 

AttributeSelectedClassifier 3.679663 ZeroR 23.73343 

Bagging 3.397746 DecisionStump 18.95733 

ClassificationViaRegression 2.943992 J48 3.727805 

CVParameterSelection 23.73343 RandomForest 2.549873 

FilteredClassifier 5.380433 RandomTree 3.972994 

LogitBoost 3.057921 REPTree 3.472747 
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Table 3 

Average error in meters, obtained for the different classifiers. 

Classifier Error Classifier Error 

NaiveBayes 1.92E −07 MultiScheme 0 

NaiveBayesUpdateable 1.92E −07 RandomCommittee 0.01662141 

SimpleLogistic 0.0 0 036881 RandomSubSpace 0.0100968 

SMO 0.0176855 Stacking 0 

IBk 0.02355766 DecisionTable 1.06E −220 

LWL 2.60E −13 JRip 5.84E −33 

KStar 0.6363632 OneR 9.79E −185 

AdaBoostM1 0 PART 6.54E −51 

AttributeSelectedClassifier 2.12E −22 ZeroR 0 

Bagging 4.05E −21 DecisionStump 0 

ClassificationViaRegression 7.19E −06 J48 1.04E −22 

CVParameterSelection 0 RandomForest 0.0678743 

FilteredClassifier 4.06E −45 RandomTree 6.63E −41 

LogitBoost 0.08278222 REPTree 7.87E −20 

MultiClassClassifier 1.72E −16 

 

p  

t  

p  

c  

u  

a  

i

 

s  

i  

u

 

e  

w  

d  

h  

s  

b  

i

ayesian network was compared with the rest of the classifiers;

0 the median values were equal and when H1 the median val-

es were different. H0 was only accepted with KStar and was re-

ected with the other classifiers. Then H1 was changed and it was

efined to be the lower value of the median. Therefore, when eval-

ating the Bayesian Network and the rest of the classifiers, it was

ot possible to accept H0, so H1 was accepted indicating that the

edian error of the Bayesian network was considered to be infe-

ior to the rest of the classifiers. The result of the test can be seen

n Table 3 . Although the result for KStar cannot be considered sta-

istically inferior, we can read from Table 1 that the mean error

as lower. 

The semi-automatic calibration system simplifies the tasks of

alibrating and updating information in the environment, thus sim-

lifying the tasks of deploying the system. In addition, the system

llows to incorporate beacons for their calibration and subsequent

limination. However, if continuous calibration is desired, it is nec-

ssary to leave the iBeacon deployed. Continuous calibration facil-

tates the maintenance of the system since it is not necessary to

arry out this process in any specific way. 
With the use of the triangulation system, which calculates

robabilities, it was possible to reduce error, in comparison to

echniques like signpost. Signpost is limited to giving the discrete

ositions in the plane, associated with the points where the iBea-

ons are located. Similarly, due to the existence of obstacles, the

se of fingerprint allowed the system to be more stable; it also

llow to attain adaptable precision, depending on the number of

Beacons used and their deployment was at low-cost. 

In areas where more precision will be required, it is only neces-

ary to introduce more iBeacons. Thanks to continuous calibration,

t is not necessary to carry out the whole fingerprint process man-

ally; this simplifies the adaptation of the system. 

In future work, we will propose the use of the vehicle’s odom-

try, compass and accelerometers, in order to combine location

ith Wi-Fi signal levels. Odometry has still not been addressed,

ue to the fact that the motors used in the vehicle’s construction

ave to be modified, since they are not equipped with the neces-

ary encoders for odometry. Compass and accelerometers have not

een used either, because sensors for their measurement are not

nstalled. 
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