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Abstract In this work, we proposed an indoor location system that makes use of a
Raspberry Pi embedded computer andWiFi signals to guide a person inside a region
of the faculty of Electrical and Electronic at Universidad Nacional de Ingeniería,
Peru. The main advantage with similar indoor location systems like beacons or RFID
technology is that the presented system does not require additional hardware since it
makes use of the pre-installed WiFi routers. The experimental tests show promising
results, achieving a location accuracy of 92.31%.
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1 Introduction

The existing navigation systems likeGlobal Positioning System (GPS) offer a precise
location in outside environments but an inaccurate location inside common buildings
[1]. This problem of localization has attracted the interest of researchers and devel-
opers due to the high demand for such systems for indoor navigation, immersive
experiences, asset tracking, augmented reality, and more.

During the last decade, several approaches for indoor location systems [2] such
as radio frequency identification (RFID), wireless local area networks (WLAN), and
Bluetooth among others have been proposed [3]. In [4, 5], an indoor positioning
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system for smart buildings was used to obtain relatively good results; however, the
system makes use of RFID technology, which produces an additional cost for hard-
ware implementation. Regarding indoor location using WiFi signals, [4] makes use
of Monte Carlo (MC) filter for a precise WiFi-based indoor localization, but the
system is intended for tracking objects with a high precision employing relative
high computing processing, which is not suitable for real-time applications since
it demands high computing resources and a small division of the regions. In recent
work, [6, 7] proposes a novel, incremental approach that reduces the energy consump-
tion of WiFi localization by scanning just a few selected channels. The results are
remarkable andprovide away for the implementation of indoor location on embedded
systems. In addition, Indoor Google [8] provides guidance; however, its accuracy is
not enough (5–15 m).

In this paper, we propose an indoor location system for a region of the faculty
of Electrical and Electronic of Universidad Nacional de Ingeniería, Peru. Unlike
the indoor location systems presented before, which rely on external devices like
RFID hardware or Bluetooth beacons, the proposed system does not demand external
equipment or additional costs. Therefore, employing an embedded computer and pre-
installed access points, our indoor location system is able to provide a good position
accuracy and the guidance to the destination region.

2 Proposed Method

2.1 Overview

Our system performs indoor localization and guidance on an embedded computer
using WiFi signal levels. In this way, the system works on small embedded devices
with low computational resources. With the aim to achieve response time and power
computational constraints, a simple and effective Bayes recursive estimator was used
in this work.

The methodology used for this work has two phases: offline and online phase. At
the offline phase, the WiFi levels were captured several times in every region, thus
obtaining a received signal strength indicator (RSSI) table per region. Later, the RSSI
data were divided into training and testing datasets in order to perform the evaluation.
Then, the normalized histograms are cleaned using theGaussian distribution. Finally,
the localization system is evaluated offline using average accuracy and confusion
matrix. At the online phase, the Bayesian filter was implemented in a Raspberry Pi
embedded computer. This filter uses the captured WiFi signal levels and the cleaned
RSSI database to predict the most likely region. Figure 1 shows the diagram of the
proposed methodology.

2.2 Data Recollection

First, the principal regions of the faculty of Electrical and Electronic of Universidad
Nacional de Ingeniería are identified and divided into several areas. Figure 2 shows
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Fig. 1 Scheme of the proposed interior locating system

Fig. 2 Sampling points and destination in the third-floor scheme

such a distribution of regions. After division, the main WiFi information like service
set identifier (SSID), media access control (MAC) and RSSI is recollected via a
custom application in for the Raspberry Pi. Thereby, 150 samples in each region
at different times during three non-consecutive days/nights were captured. Finally,
filtering processing for non-stable access points (APs) was carried out, so the final
dataset was constructed using only the best APs in order to have the best results.
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2.3 Bayesian Filter

Several relevant papers about RSSI-based indoor location systems assume Gaussian
probability density function (PDF) [9, 10]. It is justified by the relation of the noise of
the radio receiver together to the influence of average white Gaussian radio channel
noise, which is modeled by a Gaussian PDF. Therefore, original histograms could be
cleaned by approaching each histogram to aGaussian PDF. InEq. (1), the formulation
of a Gaussian PDF is presented. It is described by two parameters: μ (mean) and σ

(standard deviation).

f (x |μ, σ 2) = 1√
2πσ 2

e− (x−μ)2

2σ2 (1)

In order to achieve response time and computational requirements, a straightfor-
ward and effective estimator is used, and it is based on the Bayes recursive estimator.
This is able to infer the posterior using sensed and prior knowledge (see Eq. (2)).
Being A the event we want the probability, and B the new evidence that is related to
A. Therefore, the posterior P(A|B) is calculated by the likelihood P(B|A) (probability
of observing the new evidence) and the prior P(A) (probability of our hypothesis
without any additional prior information). P(B) is the marginal likelihood, which is
the total evidence probability.

P(A|B) = P(B|A)P(A)

P(B)
(2)

The algorithm presented below corresponds to the implementation of the Bayes-
based estimator. This takes theAP tables and currentWiFimeasurement as inputs and
returns the estimated region and its probability. Thereby, the algorithm recursively
calculates the probability of the posterior region (line 11), and then, the probability
(line 12) and predicted region (line 13) are calculated. Algorithm 1 was implemented
in Python for evaluation of the performance of the Bayes estimator and for inference
on the Raspberry Pi platform.



Smart Campus IoT Guidance System … 467

2.4 Guidance System

The flowchart of the operation of our guidance system is shown in Fig. 3. The
start screen allows the manual entry of the destination point through a drop-down
menu, based on the plane of sampling points shown in Fig. 2. Once selected, the
user pushes the central button in order to start the guidance system. The destination
region is displayed on the screen.

Then, the system calculates the current nodewhere the user is located, which is the
returned result of the indoor location algorithm based on the Bayes filter, see Fig. 3.
Based on the current node and the destination node initially entered, the graph of the
nodes is expressed in an adjacency matrix of the distances and angles between the
nodes (based on the plane of the faculty facilities). Then, the algorithm of Dijkstra
calculates the shortest route and returns the next node to go, which is based on the
minimum route.

From theprovidedmapof the facilities, the orientationwith respect to themagnetic
north is also shown, and the use of a magnetometer was added to indicate the orien-
tation in degrees from the magnetic north; so, it works like a compass, no matter the
direction of the user it will always orient to the north direction. In order to have the
same direction, it was previously calibrated. Some considerations were taken such
as a small variation because the screen generates a magnetic field, see Fig. 4.
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Fig. 3 Flowchart of the smart campus guidance system program
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(a) Location of the magnetometer               (b) Calibration of magnetometer 

Fig. 4 Hardware and calibration related to the magnetometer

Using the angle with respect to the magnetic north, and the angle between the
current node and the next node, which was determined by the Dijkstra algorithm, the
direction of the guiding compass is independent of the direction of the user to the
next node, which follows the minimum route to reach its destination.

When the user arrives at their final destination, the system finishes working and
the next short message will appear on the screen of the Raspberry Pi board: “You
have arrived at your destination!!!”.

3 Experimental Results

In order to obtain the performance and other metrics for the indoor localization
system, we evaluated it on the testing dataset. The overall accuracy and the confusion
matrix (see Fig. 5) define the results. This matrix for the proposed system shows high
accuracy for the diagonal values and low accuracy for the others, and it means that the
system has a high accuracy per class/region. In addition, the accuracy of the indoor
location system is about 92.31%.

For the evaluation of the system, we use a Raspberry Pi model 3B+ , an LCD 3.5′′
screen, an MPU9250 sensor, and an external battery. It was conducted in different
regions and several positions. As expected, the system correctly predicted the loca-
tions in all regions. Figure 6 shows some results of the test. As we can see, our system
correctly predicts the location.
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Fig. 5 Confusion matrix for the proposed system

4 Conclusions

This paper introduced the implementation of a Smart Campus WiFi-based indoor
location system to guide visitors in a region of the faculty of Electrical and Elec-
tronic of Universidad Nacional de Ingeniería, Peru. With the aim to accomplish a
high positioning accuracy and a low computational power consumption, the proposed
systemmakes use of Bayes recursive estimator. Experiments show promising results,
obtaining an accuracy of 92.31%.As furtherwork, the processing could be performed
in remote servers in order to have a better response time. Thus, the proposed method-
ology is not limited to this work, but can also be applied to similar localization tasks
such as immersive experiences, augmented reality, and asset tracking, among others.
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Fig. 6 Online results on the Raspberry Pi. a Result in region 3.10. b Result at region 3.1
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