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Abstract

The accurate positioning of objects and personnel in underground environments presents
significant challenges due to the complex signal propagation characteristics of these settings.
This study explores the efficiency and reliability of Received Signal Strength Indicator (RSSI)-
based positioning systems within tunnel-like environments, which are greatly susceptible to
multipath fading and signal interference. Utilizing Bluetooth Low Energy (BLE) devices, the
research systematically investigates the impact of environmental factors on RSSI values and
assesses Kalman filter and path loss models, to enhance positioning accuracy.

Experimental setups in different environments, were employed to capture and understand
RSSI behavior. The findings highlight the inherent variability of RSSI and the influence of
environmental specificity on positioning accuracy. Kalman filtering demonstrated potential in
mitigating the noise and improved the reliability of RSSI-based positioning systems, however
not as sufficient as desired. Improvements should be done to achieve a more accurate system.

This thesis contributes to the research of underground positioning by detailing the limita-
tions and potentials of RSSI-based positioning in these environments. Additionally, it discusses
the integration of other data to improve RSSI-based positioning and also suggests other tech-
nologies of interest as an alternative. Thus future work should research algorithms such as
Round Trip Time, or focus on hybrid positioning systems that combine RSSI with other nav-
igational technologies to overcome the limitations identified and improve the robustness and
accuracy of underground positioning systems.
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1 Introduction

Using the Received Signal Strength Indicator (RSSI) from Bluetooth Low Energy (BLE) devices
is a common positioning technology. A BLE device detect the received RSSI from different BLE
beacons and based on those values determine its own position. This is easiest done by detecting
the strongest RSSI value and let the discrete positions of that BLE beacons be the position of
the device. However, by doing so the accuracy is limited below by the distance between the used
beacons, which typically can be tens of meters.

Now, consider a situation on free space where there is no buildings, walls or ground that disturb
the propagating radio waves, in such situation one can imagine that it is possible to use triangula-
tion together with some model for free space path loss. Now, moving into an underground mine or
another tunnel like environment, the conditions change dramatically since it becomes a multipath
fading radio environment. The project is intended to investigate existing literature on multipath
fading environment, preferably tunnel like environments, and see if there exist models that can
be used for RSSI based algorithms for positioning in mines and tunnels. Also, to perform own
experiments on the variation of RSSI value in a tunnel like environment, to get an understanding
on behavior and limitation of RSSI based positioning in underground mines.

1.1 Background

The importance of precise and reliable positioning services in underground mines is paramount
for both operational efficiency and worker safety. In environments like mines, where traditional
GPS signals are unavailable, alternative methods such as RSSI-based positioning with BLE become
crucial. Epiroc Mining Intelligence have a technology-agnostic portfolio with multiple positioning
technologies. Many of those is based on RSSI readings from devices, which is processed and gives
a position to the end user. The current solution for BLE readings, when estimating the position
of individuals in the mine, is based on the strongest RSSI where the position of individuals in
the mine, is associated with the location of the reference point. This thesis aims to enhance the
existing solution for BLE readings by achieving a more accurate estimation of position.

1.2 Motivation

By improving the accuracy of this system, it will directly contribute to better location tracking,
thereby potentially reducing the risk of accidents and improving response times in emergency
situations. The work here extends the current system by exploring more nuanced RSSI behaviors
and path loss models in tunnel environments, offering a more sophisticated understanding of signal
propagation in these challenging settings. This is essential for developing more accurate and reliable
positioning systems critical for safety and operational efficiency in underground mines.

1.3 Problem Definition

The problem that this thesis investigates is the impact of multipath fading in tunnel-like environ-
ments. Multipath fading is a phenomenon that occurs when signals take multiple paths to reach
the receiver, causing interference and signal degradation. Since tunnel-like environments are nar-
row, there is a great probability that signals may reflect off object, walls or other surfaces, making
them heavily prone to multipath fading.

This thesis aims to simulate the multipath fading expected within caves by examining the prob-
lem within underground tunnels, where the space is confined and consists of reflective surfaces.
This serves as a practical proxy for caves, where the results is similar to what can be expected
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within mines. Experiments will also be conducted in open space environment to simulate the ideal
scenario, consisting of minimal multipath fading. After studying the behavior of signals within
these environments, an evaluation of positional estimation using signals should be made. See Fig-
ure 6 for an image of the cave environment.

The research questions to be answered in this thesis are the following:

How robust is RSSI in different environments?

This problem investigates how RSSI values vary in different environments, including open fields
and tunnels. The aim is to examine the stability and reliability of RSSI readings in these two
environments.

How applicable is path-loss models for distance calculation?

This problem explores the use of path-loss models to estimate distances based on RSSI values. It
assesses the accuracy and applicability of using path-loss model in environments with significant
signal attenuation and reflection, such as tunnels.

How well can positioning be based on RSSI from multiple reference points?

This problem examines the methods for determining precise positions using RSSI measurements
from multiple reference points.

How accurate is RSSI-Based Positioning?

This problem addresses the overall accuracy of the positioning system that uses RSSI. The accuracy
is determined by the precision of the system and how well it can estimate a position. The goal is
not necessarily to achieve a 100% accurate positioning system, but a more accurate position the
current BLE positioning used by Epiroc.

Additional technology to improve accuracy?

This problem explores other technology information to improve positioning accuracy. This con-
siders technology that uses another metric than RSSI to achieve better accuracy or a hybrid
positioning system that uses both RSSI and additional information to mitigate the limitations of
RSSI-based positioning.

1.4 Delimitations

Delimitations includes hardware, access to data and access to collect data within a mine. All of
the limitations would be interesting to further research and allows for interesting future work.

1.4.1 Labeled Data

As there may be great variance in the values of RSSI due to multipath fading, the use of a trained
AI model could be effective in handling such variance as some patterns can be better handled by
a machine. For example the method of fingerprinting could better capture the behavior of RSSI
within difficult environments. Such models however require lots of data for BLE readings, which
is something that Epiroc cannot provide currently and thus such a soltion is omitted in this paper.
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1.4.2 Specific Hardware

Interesting alternative to RSSI for distance calculation is a technique called round trip time (RTT),
which will be discussed a bit in this thesis. To accurately measure RTT, specific hardware is
required, but access to mobile devices that support RTT was not available and thus a solution will
not be studied and only a bit of theory will be covered.

1.4.3 Data Measurements in Mines

Since access to an actual mine was not available, no data was collected from such an environment.
As this thesis focuses on a system intended for use in mines, data from a real mine would provide
a more accurate representation of expected conditions. The thesis would also benefit as one more
environment could have been studied, gaining a deeper understanding of RSSI. An attempt was
made to gather data from a mine but due to various reasons, no such data was collected.

1.5 Thesis Structure

The structure of this study is as follows. Section 1 presents an introduction and background to
the subject as well as presenting the problems that the study will aim to solve. Section 2 will
cover some theory. This includes different positioning techniques and algorithms in which one
can calculate a position from different technologies and also provide some theory about path-loss
models and Kalman filter, which are heavily used in this study. Section 3 presents some related
work will be presented in which some studies have researched and presented similar solutions in
the topic of RSSI positioning. In Section 4 the experimental setup is presented, with an overview
of the equipment used and investigation on the variability of RSSI values under different conditions
to gain knowledge required to tune the implementation. Section 5 presents the implementation
and how the system goes step by step from RSSI readings, to an estimated position. Section 6, the
result of the system is presented, where only the data of the results is covered. In Section 7 there
is a discussion about the result and the problems defined as well as the ethics and sustainability
of the system. Finally Section 8 contains a conclusion of the work done in this study as well as
future work that can be done to improve the system.
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2 Theory

In this section multiple methods of estimating the distance for both indoor and outdoor will be
presented. The section will contain methods for simple environments, such as free space, to more
complex environments, such as when multipath fading is assumed. Both theoretical and empirical
methods will be covered.

2.1 Positioning Techniques

Various positioning techniques and algorithms for BLE and Wi-Fi are widely researched for both
indoor and outdoor positioning. The positioning techniques covered in this chapter are triangula-
tion, trilateration and fingerprinting and they all utilize different positioning algorithms to achieve
accurate positioning.

2.1.1 Triangulation and Trilateration

Triangulation is a technique that employs the geometric properties of triangles to compute the
position of objects. Triangulation is categorized into lateration and angulation, where lateration
deducts the location of the object by measuring its distances from multiple reference points. An-
gulation incorporates angles in addition to distances between reference points to determine the
position of an object, where the angles are calculated relative to multiple reference points. For
both lateration and angulation, certain requirements on the measurements are required depending
on the dimension of the object’s position [1].

2.1.2 Fingerprinting

Fingerprinting is a positioning technique that matches the signals detected (fingerprint) of a
location-dependent signal characteristic such as RSSI with known signal levels of certain loca-
tions [1]. These characteristics are measured and used to map the device on a positioning grid
where each point in the grid corresponds to the position where the fingerprint matched [2]. The
fingerprinting method consists of two phases, an offline phase and a online phase. The offline phase
consists of training the model, where you divide the area into cells and gather RSSI measurements
from various Access Points (APs) at each cell. During the online phase the RSSI measurements
obtained are compared to the offline measurements and the system returns the location of the best
match [3][4].

2.2 Positioning Algorithms

The algorithms presented are different ways of calculating the parameters required, distance and
angles, for the positioning techniques to estimate a position.

2.2.1 Received Signal Strength Indicator

Received Signal Strength Indicator (RSSI) is a measurement of the power level received by anchor
nodes in wireless communication systems. RSSI indicates the amount of electromagnetic wave en-
ergy captured by an antenna in sensor nodes, with most wireless devices being capable of measuring
this signal strength [5]. RSSI is used to estimate the distance between a reference/anchor node and
an unknown/sensor node by measuring the weakening of the signal strength from the transmitter
to the receiver. Greater values, means a stronger signal, which suggests closer proximity to the
reference node [1].
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The RSSI method is simple and cost efficient but does suffer from poor localization accuracy
[2]. Apart from simple attenuation of the signal through air, the signal is affected by multiple
factors such as indoor noise, obstacles and multipath fading, resulting in irregularities in the RSSI
values [2][5]. In order to account for and mitigate these effects, usage of complex algorithms is
required [2].

2.2.2 Time of Arrival

Time of Arrival (ToA) calculates the distance from signal travel time between the transmitter and
receiver. The distance can be calculated as the signal speed is known [1]. With measurements from
three different reference points, geometry can then be used to calculate the location of the device.
ToA does however require strict synchronization between the transmitters and receivers and based
on the communication protocol used, the signal may have to carry timestamps. The accuracy of
ToA measurements is influenced by the signal bandwidth and the sampling rate at which the signal
is analyzed. A low sampling rate can decrease the resolution of ToA as the actual arrival time of
the signal might fall between two sampling points. ToA also suffers from disturbances in the direct
line of sight path between the transmitter and receiver [2].

2.2.3 Time Difference of Arrival

Time Difference of Arrival (TDoA) measures the difference in arrival times in the signals from
different transmitters. The differences in signal arrival times are measured which are then trans-
lated into spatial distance differences, creating hyperbolic curves. The intersection of these curves
pinpoints the target’s location [1]. Much like ToA, the accuracy depends on the signal band-
width, sampling rate and direct line of sight. Synchronization however is only required between
the transmitters [2].

2.2.4 Round Trip Time

The Wi-Fi round trip time (RTT) technology leverages the time taken for a signal to travel from
a transmitter to a receiver and back again to estimate distances. This capability is embedded in
the IEEE 802.11mc standard, which allows devices to measure the RTT and multiply that time
by the speed of the light to calculate the distance [6].

For RTT to be effective, at least three measurements to different access points are required
which can with trilateration be used to estimate a position [6]. Challenges in implementing Wi-Fi
RTT include addressing the variability in signal propagation due to obstacles, multipath reflections,
and non-line-of-sight (NLOS) conditions, which can significantly distort the timing and hence the
distance estimates [7].

2.3 Path loss Models

The following path loss models are used to calculate the distance between transmitter and receiver.
All the methods provided here are based on RSSI values and depending on the environment, the
different methods can be used. At its core, the models are used to predict what the strength of
the signal received will be but can be rearranged to calculate the distance.

2.3.1 Free-space Path loss

The free-space path loss model is the simplest model used to calculate the path loss. When
working with free space propagation, there exists a direct propagation path between transmitter
and receiver, where there is no need to account for any type of fading which results in the signals
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attenuation only [8]. The free-space path loss model derives from the Friis transmission formula
which states that the ratio of radio wave power received to power transmitted is defined as the
following:

Pr

Pt
= Gt ·Gr · (

λ

4πd
)2 (1)

Where Pr is the received power, Pt is the transmitted power, Gr and Gt are the gain values
of the transmitting and receiving antennas, d is the distance between the antennas and λ is the
signal wavelength. Gt = 1, Gr = 1 is usually assumed [9]. The free-space path loss model is the
loss factor in this formula, i.e. the ratio of power transmitted to power received.

PL(d) = (
4πd

λ
)2 =

Pt

Pr
(2)

In terms of frequency, the formula can be written as:

PL(d) = (
4πdf

c
)2 (3)

Written in terms of dBm:

PL(dB)(d) = 20 log10(d) + 20 log10(f) + 20 log10(
4π

c
) (4)

Where f is the frequency of the signal in Hertz and c is the speed of light. Now solve for d:

d = 10
PL(dB)(d)−20 log10(f)−20 log10( 4π

c
)

20 (5)

To get the relationship of RSSI and distance, the following is used:

RSSI = Pt − PL(dB)(d) (6)

(5) with (6) results in the final equation to calculate distance based on RSSI:

d = 10
RSSI−Pt−20 log10(f)−20 log10( 4π

c
)

20 (7)

Where d is the distance in meters, Pt is the transmitted power in dBm.

2.3.2 Log-distance Path loss

The log-distance path loss model is a simple propagation model that can be used in both indoor
and outdoor environments. The model is based on the observation that path loss can be modeled as
a logarithmic function of distance which has several parameters to make it fit various environments
[10]. The form of the model is expressed as:

PL(dB)(d) = PL(d0) + 10 · n · log10
(

d

d0

)
(8)

where PL(dB) is the path loss in decibels, PL(d0) is the path loss at a reference distance d0 in
dBm. n is the path loss exponent, indicating how fast the signal attenuates with distance. d is the
distance to the transmitter in meters and d0 is the reference distance in meters

Now rearrange (8) to solve for d, together with (6), resulting in:

d = d0 · 10
RSSI−Pt+PL(d0)

10·n (9)
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Where Pt is the transmitted power in dBm. This formula can be adapted to focus on empirical
measurements rather than theoretical calculations of transmitted power and path loss, making
it simpler for distance estimation. The reference RSSI at 1 meter is essentially an empirical
measurement that combines the transmitted power (Pt) and the path loss at 1 meter (PL(d0)) into
a single RSSI value. The relationship derives from (6) and can be expressed as:

RSSI1m = Ptx − PL(d0) (10)

(9) with (10) and d0 = 1, results in:

d = 10
RSSI−RSSI1m

10·n (11)

The empirical model is given by [10], who also states that the path-loss exponent n can take a
value between 2-5 depending on the specific environment.

2.3.3 Log-normal Shadowing

The log-normal extends the log-distance path loss model by adding a random component to account
for the variations or shadowing in path loss that occur due to obstacles and other irregularities in
the environment. This variability is modeled as a log-normal distributed variable, hence the name
"log-normal shadowing." The model is given by [9]:

PL(dB)(d) = PL(d0) + 10 · n · log10
(

d

d0

)
+Xσ (12)

where Xσ is the random component introduced to (8). Xσ is zero mean Gaussian random
variable with σ2 variance [9]. The reason why the parameter is modeled as random is because the
type and the number of objects that causes the shadowing is unknown [11]. A distribution that
is log-normal means that the logarithm of the variable of interest follows a normally distributed
probability [9]. The mean and standard deviation for the shadowing model are typically measured
through empirical measurements and for these, the average of either the linear or dB values are
taken [11]. Of the two, in practice it is more common to take the average of dB values as they lead
to better approximation for the physical channel being modeled [11].

2.4 Kalman Filter

Kalman filtering can be used to estimate the state of unknown variables of a system. It is a
recursive data processing algorithm that can infer the state of a linear dynamic system from a
series of noisy measurements, where the noise follows a Gaussian distribution. For each iteration,
the filter updates the estimates of the state variables, where it both takes into account the certainty
of current measurement and the estimate from the previous state variable. The process of Kalman
filtering consists of two phases, the prediction step and the update step. Prediction step: Based
on the current estimate of the state and the system model, predict the state at the next time step
and also the uncertainty (covariance) of that state estimation. Update step: When a new RSSI
measurement is received, the filter updates the predicted state based on this new information,
combining the uncertainty of the prediction and the uncertainty of the measurement to produce a
new state estimate and updated uncertainty [10].

2.4.1 Prediction Step

The prediction step consists of predicting the state and covariance at the next time step without
using any measurements.

x̂k|k−1 = Fkx̂k−1|k−1 +Bkuk (13)
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Pk|k−1 = FkPk−1|k−1F
T
k +Qk (14)

Where x̂k|k−1 is the predicted state estimate at time step k. Fk is the state transition matrix
which is applied to the previous state x̂k−1|k−1. Bk is the control-input model which is applied to
the control vector uk. Pk|k−1 is the predicted covariance matrix at time step k. Pk−1|k−1 is the
covariance estimate from the previous time step. FT

k is the transpose of Fk. Qk is the process
noise covariance, which is a measure of noise generated between states [10].

2.4.2 Update Step

The update step updates the Kalman gain, state and covariance.

Kalman gain
Kk = Pk|k−1H

T
k (HkPk|k−1H

T
k +Rk)

−1 (15)

Kk is the Kalman Gain which balances the weight between the estimated state and the new
measurement. Hk is the observation model which maps the true state space into the observed
space. Rk is the measurement noise covariance, which indicates the accuracy of the measurements.

State update
x̂k|k = x̂k|k−1 +Kk(zk −Hkx̂k|k−1) (16)

x̂k|k is the updated state estimate. zk is the actual measurement at time step k.

Covariance update
Pk|k = (I −KkHk)Pk|k−1 (17)

Pk|k is the updated estimate covariance. I is the identity matrix of appropriate size to match
dimensions of Pk|k−1.
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3 Related Work

Indoor positioning systems have gained significant interest and remains an active area of research
due to its potential to provide location-based services in areas where the Global Positioning System
(GPS) can not satisfy the positioning requirements. Various technologies for indoor positioning
have been explored including Ultra Wideband (UWB), Ultrasonic, WLAN (Wi-Fi) and Bluetooth
[1] with Wi-Fi and Bluetooth and Bluetooth Low Energy (BLE) being among the most prominent
ones. Comparative studies of Wi-FI and BLE have shown that each technology offers distinct
advantages and challenges. Wi-Fi provides extensive coverage, up to a range of 1000 meters [2],
and is readily available in many urban environments, making it suitable for indoor positioning
systems [2][3]. On the other hand, BLE stands out for its energy efficiency and higher accuracy in
smaller, more defined spaces due to its lower signal interference [1][2].

3.1 Reducing Signal Multipath Fading with Kalman Filter

The paper from [10] proposes a method to improve RSSI-distance estimation in indoor environ-
ments. It does so by mitigating multipath fading effects using a Kalman filter. In the prediction
phase, the next state of the system is predicted based on the system dynamics, for this paper, that
includes the distance and the velocity. Given the current distance and velocity, a new velocity and
an updated position, is predicted based on how fast the object was moving. In the measurement
phase, the sensor measurements and the position calculated from RSSI readings, are used to adjust
the predicted state values. It does so by applying weights to the predicted state and measured
state depending on how reliable the two are. If the measured data suffers from sudden spikes, less
weight is applied to that data since it is unreliable, and more weight is applied to the predicted state.

The simulation and result from the paper showed that the Kalman filter used, improved the
accuracy of distance estimation in the presence of multipath fading. When faced with sudden
signal strength changes, the filter adjusted the weight accordingly and to rely more on previous
estimates and the predicted state.

3.2 Effects of Shadow Fading

The paper from [9] suggest a method to improve indoor positioning accuracy using RSSI ranging
where you account for shadowing, together with dead reckoning. It does so by using an Extended
Kalmar filter (EKF), which is used instead of a Kalman filter, when functions are nonlinear. The
result of the study showed that combining the log-normal shadowing model with dead reckoning
yielded less error in positioning than using only dead reckoning or log-distance path loss model
with dead reckoning.

3.3 Kalman Filtering and BP Neural Network Combined

[12] introduces another model using Kalman filter. The idea of the paper was to pre-process the
received signal strength using Kalman filter and back propagation neural network. When Kalman
filter was used to reduce environmental noise, and the nonlinear error introduced by the Kalman
filter, was reduced by using the BP neural network. The pre-processed RSS value could then be
used with a path loss model to calculate the distance. This yielded an improved ranging accuracy
of 1 meter and the Kalman filter with BP neural network had 66.7% less average ranging error
than only using Kalman filter.
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3.4 RSSI Reliabality for Indoor Localization

[13] examines the reliability of RSSI for indoor localization. Experiments were conducted to mea-
sure RSSI values at various distances, applying four different estimation techniques to compare
the results with reference data representing accurate values. The study concluded that RSSI is
unreliable for precise indoor localization due to high error margins and sensitivity to environmental
factors.
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4 Experimental Setup

This section will cover what equipment was used during the experimental work and present the
data that is used to evaluate the implementation.

4.1 Equipment

Different equipment has been used when performing the experiments and collecting the data, which
includes the scanning tags/devices and the reference points.

4.1.1 Scanning Tags

Two different devices have been acted as scanning tags, a mobile device (Google Pixel 8) and the
tag used in Epiroc’s system called Mobilaris Companion Tag [14]. The mobile phone was used for
the first experiments as that was what was accessible early in the project and the later experiments
was performed with the Companion Tag. The scanning of the two devices differ, as the mobile
phone constantly scans for nearby BLE devices and report the result of the scan as soon as it gets
a new reading, which means that whenever the reference point advertises its presence, the mobile
phone will pick it up and report the result. The Companion Tag on the other hand scans for the
nearby devices for five seconds and report the average value over that period for all the devices
found. This means that multiple readings of a device may have been scanned and the average
value over those is reported.

4.1.2 Reference Points

For the reference points in the experiments, two similar BLE devices have been used and both of
them are actively used in Epirocs system. They both follow the Eddystone protocol specification,
which defines the message format for the BLE beacons. They are configured to advertise their
presence every 100th milisecond with a TX Power (transmit power) of +4 dBm. The reason for
performing experiments with both of the BLE beacons is to see if there is a difference in result of
the two. The two beacons used are iBKS Plus and Confidex 2.4 GHz ISM Band Transceiver Tag
(CFXBLE-1), see Figure 1. Both of the beacon models follows the Eddystone protocol, which is
an open beacon protocol from Google. Eddystone enables proximity-based interactions for BLE
devices where four different advertising packets can be set and sent. In short this includes unique
identifiers (Eddystone-UID), URLS for nearby beacon information (Eddystone-URL), telemetry
for battery, temperature, etc (Eddystone-TLM) and ephemeral identifiers for encrypted and ro-
tating IDS (Eddystone-EID) [15]. Due to the BLE beacons following the Eddystone protocol,
they broadcast these predefined formats which allows for the scanning devices to specifically target
the beacons. Eddystone is specifically designed to be an open and interoperable proximity-based
service, making it easier for any device or application to understand and use the data being broad-
casted.
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Figure 1: iBKS Plus on the left and CFXBLE-1 on the right

Figure 2: RSSI measured at distances in open field for configurable TX powers on the iBKS Plus
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In Figure 2 a table of the expected RSSI value at some distances is presented, when configuring
the iBKS Plus beacon for different transmit power (TX Power). This data is measured at an open
field. Both the iBKS Plus and CFXBLE-1 used in the experimental work have been configured
with a TX Power of +4 dBm.

4.2 Variations in RSSI

As mentioned in the introduction, a part of this thesis was to study the variations of RSSI values
and thus a series of experiments were conducted to investigate the variability of RSSI values under
different conditions. The RSSI-based positioning accuracy can be significantly affected not only by
the physical environment but also by how the tag is carried or mounted, and thus the experiments
were focused on environmental influences and also the positioning of the tag itself. Measurements
were taken from known distances in various environments to capture the impact of multipath fad-
ing and signal attenuation. In order to assess the effect of tag placement, the tag was positioned
in the pocket, to simulate how a person would carry the tag and also freely suspended in the air,
to represent the tag mounted on a vehicle.

Table 1: RSSI Measurements from open field with tag on cardboard

Distance (m) Average RSSI Median RSSI Min RSSI Max RSSI
1 -57.96 -58.00 -71.0 -51.0
3 -66.43 -65.00 -77.0 -58.0
5 -73.58 -72.00 -85.0 -64.0
7 -72.84 -73.00 -82.0 -64.0
10 -76.22 -76.00 -85.0 -69.0
12 -75.86 -76.00 -84.0 -68.0
15 -77.81 -78.00 -87.0 -70.0
20 -82.64 -84.00 -91.0 -74.0
25 -88.52 -88.00 -99.0 -78.0
28 -88.19 -87.00 -99.0 -81.0
30 -87.40 -88.00 -96.0 -78.0
33 -89.80 -89.00 -98.0 -84.0
35 -92.26 -93.00 -99.0 -85.0
37 -92.90 -93.00 -98.0 -87.0
39 -92.94 -93.00 -99.0 -89.0

The data presented in Table 1 shows the readings taken from an open field with minimal objects
between a mobile device, acting as the scanning tag, and iBKS PLus BLE beacon acting as the
reference point. Both the tag and the reference point were placed on top of a cardboard. The
environment where this experiment were conducted represents the ideal scenario, where there are
minimal multipath fading and the RSSI should be close to what is presented in Figure 2. Table 1
reveals that there is a variation in RSSI for all the distances, also consisting quite large difference
between the maximum and minimum value. It is also difficult to differentiate the average value of
RSSI between some of the distances, meaning when comparing the data for some of the distances,
the average value is approximately the same. It also shows that for some of the distances further
away get better result than the distances closer to the reference point. This behavior does not
align with what is expected and shows the unreliability in RSSI even when no obstacles are present.

Due to the inconsistent result presented from the experiment in Table 1 another experiment was
conducted in the same environment now using the companion tag as a scanning device instead of a
mobile device. The same reference point was used and the result is presented in Table 2. In order
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Table 2: RSSI Measurements Comparison between Air and Pocket

Distance (m) RSSI Air RSSI Pocket RSSI Difference
1 -50.89 -64.10 13.20
3 -60.89 -70.89 10.00
5 -60.74 -74.56 13.82
7 -70.26 -79.25 8.99
10 -64.14 -82.48 18.34
15 -68.09 -82.61 14.52
20 -70.83 -88.09 17.26
25 -75.26 -83.75 8.49
30 -79.26 -87.55 8.29
33 -79.95 -90.86 10.91
35 -81.81 -94.05 12.24
37 -83.22 -94.30 11.09
39 -82.95 -94.04 11.09

to exclude that the irregularities in RSSI was due to the placement of the tag, this experiment
included collecting data while scanning freely in the air and also while maintained in a pocket.
The data shows that the placement of the tag effects the RSSI, where readings in the pocket have
a weaker signal, 8 to 18 dBm lower value than the readings scanned freely in the air. However
both of the different placements of the tag shows similar behavior, where much like Table 1, there
are inconsistencies in the relationship between distance and RSSI.

The experiments conducted thus far have been made in an open environment and this thesis
aims to investigate the possibility of positioning within a tunnel where multipath fading is to be
expected.

Table 3: RSSI Measurements in tunnel with mobile tag

Distance (m) Average RSSI Median RSSI Min RSSI Max RSSI
1 -49.86 -51.00 -56.0 -42.0
3 -54.04 -55.00 -59.0 -49.0
5 -62.16 -63.00 -70.0 -54.0
10 -68.06 -67.00 -91.0 -63.0
15 -73.65 -75.00 -82.0 -57.0
20 -75.00 -74.00 -97.0 -63.0
25 -73.68 -72.00 -94.0 -63.0
30 -70.59 -72.00 -77.0 -63.0
35 -74.93 -74.00 -89.0 -67.0
40 -79.05 -79.00 -92.0 -71.0
42 -83.62 -85.00 -99.0 -71.0
44 -83.78 -85.00 -99.0 -73.0

Table 3 displays measurements from set distances within a tunnel characterized by stone walls
and a metal door. The data reveal significant variation in the RSSI values for each distance,
illustrating the difficulty of obtaining stable RSSI measurements in this environment. The RSSI
values are generally higher compared to those obtained from an open field at similar distances,
likely due to multipath fading or the tunnel acting as a waveguide which results in enhanced signal
strength.
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Table 4: RSSI Measurements for Device A in Tunnel

Distance (m) Average RSSI Median RSSI Min RSSI Max RSSI
1 -60.77 -58.00 -85.0 -51.0
3 -67.93 -69.00 -84.0 -59.0
5 -70.49 -70.00 -83.0 -65.0
10 -75.05 -73.00 -88.0 -66.0
15 -78.93 -79.00 -90.0 -68.0
20 -81.05 -78.00 -96.0 -34.0
25 -81.84 -82.00 -93.0 -71.0
30 -81.62 -83.00 -99.0 -69.0
35 -79.47 -79.00 -93.0 -68.0
40 -82.59 -83.00 -99.0 -70.0
42 -83.22 -82.00 -98.0 -73.0
44 -80.47 -79.00 -98.0 -73.0

Table 5: RSSI Measurements for Device B in Tunnel

Distance (m) Average RSSI Median RSSI Min RSSI Max RSSI
1 -61.57 -61.00 -80.0 -52.0
3 -58.80 -57.00 -81.0 -52.0
5 -57.52 -58.00 -73.0 -49.0
10 -63.11 -63.00 -70.0 -57.0
15 -73.50 -75.00 -86.0 -62.0
20 -69.64 -70.00 -77.0 -64.0
25 -72.00 -72.00 -81.0 -62.0
30 -76.93 -77.00 -92.0 -32.0
35 -78.19 -77.00 -94.0 -70.0
40 -70.64 -72.00 -78.0 -63.0
42 -70.55 -71.00 -86.0 -63.0
44 -68.92 -69.00 -84.0 -63.0

Table 4 and Table 5 presents another experimental setup in the tunnel with two reference point
devices at opposite ends of a 45-meter section. Device A was placed atop a chair surrounded by
stone walls and a metal door, while Device B was similarly positioned but only surrounded by
stone walls. The consistent device configuration allowed for an assessment of environmental effects
on signal strength

The result from the experiment shows that a different position in the tunnel with a difference
in the nearby environment, where a metal door is present for one of the devices, the signal strength
differ greatly. For Device B, the behavior is unpredictable and there is almost no correlation be-
tween distances and signal strength. For Device A, there is a slightly better correlation between
distance and signal strength but the same behavior as in Table 3 can be seen here, where the
RSSI value differ greatly between the minimum and maximum value. The experiment performed
here highlights the difficulty of working with RSSI within a tunnel where multipath fading is evi-
dent and the different positioning within the same tunnel has a great impact on the signal strength.

The result from the experiment indicate distinct variations in signal behavior between the dve-
vices, where the difference in proximity being a metal door, significantly influence the measured
RSSI values. Device B exhibited more unpredictable signal strength, showing little correlation
between distance and RSSI, while Device A displayed slightly better correlation albeit with con-
siderable variation between minimum and maximum values. This experiment highlights the chal-
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lenges of using RSSI within a tunnel where multipath fading significantly impacts signal quality,
and demonstrates how even slight difference in the local environment can drastically affect signal
strength.

Lastly a controlled experiment was conducted to analyze the consistency and variability of RSSI
values from three different BLE beacons placed adjacently in a tunnel. This setup aimed to find
differences in the effects of beacon hardware by isolating the effects of the hardware differences
from environmental factors by keeping the positioning of the beacons adjacent to each other and
consistent across the measurements.

Table 6: RSSI Measurements for Device A in Tunnel next to RPs

Distance (m) Average RSSI Median RSSI Min RSSI Max RSSI
1 -52.00 -51.00 -57.0 -47.0
3 -57.92 -57.00 -61.0 -55.0
5 -63.62 -64.00 -76.0 -56.0
10 -69.20 -72.00 -81.0 -59.0
15 -75.31 -75.00 -81.0 -69.0
20 -66.25 -66.00 -72.0 -60.0
25 -76.54 -78.00 -84.0 -62.0
30 -68.18 -68.00 -74.0 -61.0

Table 7: RSSI Measurements for Device B in Tunnel next to RPs

Distance (m) Average RSSI Median RSSI Min RSSI Max RSSI
1 -53.00 -53.00 -57.0 -50.0
3 -63.67 -61.00 -79.0 -57.0
5 -63.08 -63.00 -72.0 -56.0
10 -65.33 -64.00 -72.0 -58.0
15 -68.44 -66.00 -80.0 -65.0
20 -72.08 -70.00 -83.0 -66.0
25 -73.54 -73.00 -79.0 -69.0
30 -72.45 -73.00 -82.0 -66.0

Table 8: RSSI Measurements for Device C in Tunnel next to RPs

Distance (m) Average RSSI Median RSSI Min RSSI Max RSSI
1 -47.10 -46.00 -53.0 -44.0
3 -48.42 -48.00 -51.0 -45.0
5 -56.62 -56.00 -69.0 -52.0
10 -63.60 -65.00 -69.0 -56.0
15 -70.50 -71.00 -75.0 -63.0
20 -58.08 -58.00 -62.0 -54.0
25 -58.69 -58.00 -61.0 -57.0
30 -54.09 -54.00 -57.0 -53.0

The experiment featured three BLE beacons—Device A (an iBKS Plus beacon), and Devices B
and C (both CFXBLE-1 beacons)—positioned next to each other in the same tunnel environment
as earlier experiments, characterized by stone walls and minimal external interference. The results
are detailed in Tables 6, 7, and 8, representing Devices A, B, and C, respectively.

The comparative analysis of the RSSI measurements from the three adjacent BLE beacons
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demonstrates that the tunnel environment substantially affects the stability and consistency of
RSSI readings and that beacons with the same hardware, in this case Device B and C, differ even
under the same conditions. This experiment highlights the need for careful calibration and poten-
tially custom configurations of beacons when used for RSSI positioning in tunnel environments.
Not much can be said about the hardware differences in the two BLE models from this experiment
alone.
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5 Implementation

In this section the method to solve the problem will be presented. The goal of the implementation
presented here is to calculate a position from scanning reference points and the corresponding RSSI.
The approach for the implementations will include the idea of calculating the distance between a
tag and reference points and then use the distance from the tag to multiple reference points to
estimate a position of the tag.

5.1 RSSI Filtering and Distance Calculation

Section 4 showcased the inconsistency of RSSI due to the variability and noise that comes with
it when working in environment where multipath fading is prevalent such as mines and tunnels.
In order to obtain accurate and reliable distance estimation from RSSI, the necessity of a robust
filtering technique is required. From [10] and [12], the use of Kalman filter have proven to be a filter
that fits the purpose of reducing noise due to its effectiveness in dealing with noisy sensors and its
ability to dynamically update over time and provide estimates that better fit the actual RSSI value.

The idea behind this implementation is to use the Kalman filter to remove noise from the RSSI
readings and with the filtered RSSI, a distance is calculate with the log-distance path loss model.
The distances calculated from the tag to multiple reference points can then be used with lateration
to position the tag. This implementation focuses solely on the RSSI values and aims to minimize
the effect of spikes in RSSI that occur due to multipath fading and similar disturbances.

5.1.1 Kalman Filtering RSSI

Kalman filtering the RSSI readings makes the system resistant to sudden increase or decrease in
distance estimation. The system can be designed to dynamically trust the measurements less when
there is a sudden spike in RSSI from previous readings and more when the readings are stable over
time. However this means that when moving from one location to another, the system will need
multiple readings from the new location to start trusting the measurements from the new position
and slowly converge to the new RSSI value that is to be expected for that position. This also
suggests that the system works best when the position of the tag is mostly static, as the filtering
will converge to some average value for a position over time.

When dealing with one-dimensional data and Kalman filter, all the matrices can be simplified
to being scalars. From Equation 13 with the fact that the matrices being scalars, results in the
following:

x̂k|k−1 = Fk · x̂k−1|k−1 +Bk · uk (18)

With the model having no external control input affecting the measurements, the following is
obtained Bk = 0, and with Fk = 1 resulting in

x̂k|k−1 = Fk · x̂k−1|k−1 = x̂k−1|k−1 (19)

and the covariance from Equation 14 with the transpose of a scalar being the scalar itself:

Pk|k−1 = FkPk−1|k−1F
T
k +Qk = Pk|k−1 = Fk · Pk−1|k−1 · Fk +Qk = Pk−1|k−1 +Qk (20)

With the prediction step done, it is time to update the filter. The measurement model has now
been simplified, where zk will simply be the measured RSSI at the current time step. The Kalman
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gain from Equation 15 with Hk = 1, can be simplified to:

Kk = Pk|k−1H
T
k (HkPk|k−1H

T
k +Rk)

−1 = Pk|k−1(Pk|k−1 +Rk)
−1 (21)

Lastly the state and covariance update from Equation 16 and Equation 17 will be the following:

x̂k|k = x̂k|k−1 +Kk(zk −Hkx̂k|k−1) = x̂k|k−1 +Kk(zk − x̂k|k−1) (22)

Pk|k = (I −KkHk)Pk|k−1 = (I −Kk)Pk|k−1 (23)

The Kalman gain is as stated in Section 2.4 a weight between the certainty of the estimated
state and the measurement. The Kalman gain is influenced by the measurement noise Rk. If Rk

is set to some low value, the system will trust the measurement.

Next is to decide what the value process noise Qk and measurement noise Rk should be set
to. The process noise describes how much noise can be expected from the system itself for the
prediction and in the case for this solution where most of the noise will be from the measurement,
the value of Qk can be low, trusting the systems predictions. In [[10]] the measurement noise were
updated from a brief history of past distance estimations and a similar solution is used here. The
measurement noise in this solution is based on past measurements and if the difference between
the current measurement and the mean of the history is high, the measurement noise will be high,
meaning the system will trust the measurement less, and vice verse.

In simpler terms this means that during the measurement phase, the idea is to update the mea-
surement noise covariance to tell the system how much of the new measurements to incorporate
to the new estimate. If there is a sudden spike in the new measurement compared to the history,
it is assumed to be noise and the Kalman filter will not trust the new measurement and therefore
incorporate more of its own prediction of what the estimated RSSI is. What this mean in the case
of a moving tag, when the tag arrives at a new location and a new RSSI value is to be expected,
the Kalman filter will slowly start trusting the new measurements and converge to a new RSSI
value.

Since only one dimension of data is used in this solution, the prediction phase of the Kalman
filter is very limited. Due to the filter not incorporating any data that suggests movement and it
makes no assumptions about how the tag is moving from the RSSI readings, the prediction phase
is the previous estimation of the system. This is, as stated earlier, the reason why the system
works best for static position, as the prediction assumes the RSSI readings for the tag will be the
same as the last estimate. The system predicts that the tag will remain at the same location and
receive the same RSSI value at all times and the only change in estimation of RSSI values is from
the measurements.

5.1.2 Distance Calculation

With the filtered RSSI, a distance can be calculated using Equation (11), the formula to calculate
distance using the log-distance path loss model. The variables required to calculate for the system
is the path-loss exponent n and the reference RSSI from 1 meter. These two will vary depending
on the environment and will have to be measured for every reference point.
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5.1.3 Positional Estimation

In order to estimate a position from the distances a common method is trilateration. As the ex-
perimental work of this study has been conducted in narrow tunnels, the beacons are essentially
placed collinear meaning challenges arises with trilaterion. Due to this the estimated position have
been simplified and the estimation of the position incorporates knowledge of the environment.
The tunnels have been simplified to a one dimensional line, meaning that the tag will be placed
along the line. With reading from one reference point, a tag can be predicted to two points of the
line. If another reference point is introduced with a position with some distance from the other
reference point, it is possible to quite accurately estimate a position along the line. The trade-off
of simplifying the plane to a one-dimensional line results in a slight decrease in system accuracy.
In a real system, one would have to incorporate more reference points that are not collinear. For
the scope of this study, however, this simplification will be used.

From the experimental work done in Section 4, it has been shown that most commonly the
RSSI is the most accurate at close distances to the reference point. Due to this fact, emphasizing
closer distances than those farther away is done by using the weighted average method. This works
by assigning weights to each beacon’s distance, with the weight being the inverse of the distance:

wi =
1

di
(24)

where wi is the weight for the i-th beacon, and di is the distance to the i-th beacon.

Before calculating the position estimate, the weights are normalized so that the sum of all
weights equals 1. This normalization ensures that each beacon’s influence remains proportional to
its relative proximity, which stabilizes the calculation and prevents distortion by individual weights:

ŵi =
wi∑
wi

(25)

where ŵi is the normalized weight for the i-th beacon.

With the normalized weights, the weighted average is computed as follows:

xtag =

∑
(ŵi · di)∑

wi
(26)

where xtag is the estimated position of the tag and di is the distance to each scanned beacon within
the tunnel.
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5.2 System Architecture

Figure 3: Flowchart for positional estimation

Figure 3 demonstrates the flow in which the system goes from scanning reference points to esti-
mating a position.
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6 Result

This section will cover the result from both the estimated positions of the implementation in
Section 5 and the result from the experimental work in Section 4. This section will not comment
any of the result as this will be done in later sections.

6.1 RSSI Result

Figure 4: Plot for RSSI in different environments

Figure 4 is a graph representing the values measured from Figure 2 (iBKS Plus Ideal RSSI), Table
2 in the air (Average RSSI (Open Field)) and Table 3 (Average RSSI (Tunnel)).

When considering all distances measured in both environments (open field and tunnel) and
comparing them against the available ideal RSSI measurements (ignoring distances that do not
have a corresponding ideal measurement), the mean absolute error (MAE) and mean squared error
(MSE) can be calculated for the two and is presented in Table 9.

Table 9: MAE and MSE Comparison in Open Field and Tunnel

Environment MAE MSE
Open Field 3.06 13.86

Tunnel 6.82 58.60
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Figure 5: Plot for RSSI in tunnel vs ideal

Figure 5 is a graph that shows the test performed in Table 4 and Table 5 plotted next to the
ideal values of Figure 2 to depict how simultaneous measurements to two reference points can differ
compared to the ideal scenario. The MAE and MSE of the two lines is presented in Table 10.

Table 10: MAE and MSE Comparison for Devices A and B in Tunnel

Device MAE MSE
A 3.11 13.83
B 9.05 92.86
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Figure 6: Plot for 3 adjacent RPs

Figure 6 shows the graph for the test performed in Tables 6, 7 and 8. The graph shows the
behavior of the three all being different from each other, where Device B aligned the best with the
expected path loss model.

6.2 Kalman Filtered RSSI

A few graphs, containing the filtered RSSI from the Kalman filter on some of the data collected,
will be presented to showcase the behavior of the filtered RSSI compared to the raw RSSI and the
effect of Kalman filter.

Figure 7: Filtered RSSI VS Unfiltered RSSI Device A
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Figure 8: Filtered RSSI VS Unfiltered RSSI Device B

Figures 7 and 8 depicts the filtered RSSI and unfiltered RSSI of the test performed in air from
Table 2. The filtered RSSI’s line does not contain the same spikes and dips as the raw RSSI and
the pattern of the line roughly follows the average value of the actual readings.

Figure 9: Average Filtered RSSI VS Average Unfiltered RSSI Device A

Figure 10: Average Filtered RSSI VS Average Unfiltered RSSI Device B
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Figures 9 and 10 shows the average of the filtered RSSI and the average of the actual RSSI
measured at the same distances. The average difference between the actual and filtered RSSI are
1.28 and 1.65 for Figure 9 and 10 respectively.

Figure 11: Filtered RSSI VS Unfiltered RSSI Tunnel Device A

Figure 12: Filtered RSSI VS Unfiltered RSSI Tunnel Device B

Figures 11 and 12 shows the graph for the filtered RSSI of Table 4 and 5, noisy data collected
in a tunnel. The observed behavior of the earlier graphs remains true in this environment as well,
where the filtered RSSI follows the general line, but with less noise.

6.3 Distance Estimation

When estimating the distance, both the path-loss exponent n and the reference RSSI at distance
1 meter is required to be measured for each reference point in the different experiments.
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Figure 13: Distance Comparison between Filtered, Unfiltered and Actual distance Device A

Figure 14: Distance Comparison between Filtered, Unfiltered and Actual distance Device B

Figures 13 and 14 are graphs comparing the distance estimation of Kalman filtered RSSI and
unfiltered RSSI versus the actual distance for the test performed in air from Table 2. The path-loss
exponent n was set to be equal to 2 due to the environment being open air. The MAE and MSE
is presented in Table 11.

Table 11: MAE and MSE Comparison for Devices A and B

Device MAE (Unfiltered) MAE (Filtered) MSE (Unfiltered) MSE (Filtered)
A 7.53 2.94 130.59 18.22
B 6.47 5.04 65.95 41.34
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Using the same data as in Figure 6, where the data was measured in a tunnel and differed
greatly from from the expected, the distance estimations are presented in Figures 15, 16, 17 and
Table 12 presents the MAE, MSE and maximum error in distance for both filtered and unfiltered
data of the three devices.

Figure 15: Distance Estimation Tunnel Device A (Adjacent)

Figure 16: Distance Estimation Tunnel Device B (Adjacent)
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Figure 17: Distance Estimation Tunnel Device C (Adjacent)

Table 12: MAE and MSE Comparison for Adjacent Devices A, B and C in Tunnel

Device MAE (Unfiltered) MAE (Filtered) MSE (Unfiltered) MSE (Filtered) Max error (Unfiltered) Max Error (Filtered)
A 12.28 3.73 357.25 26.58 65.0 13.90
B 8.18 6.36 148.67 57.71 81.32 17.61
C 12.46 7.45 281.24 123.18 49.94 25.87

The distance estimation for these graphs had their path-loss exponent set to 1.6 which is the
optimal value for Device A and C, however the optimal value for Device B is 1.35, and would
reduce the error for that reference point and therefore a result in better distance estimation. The
result of using optimal value of the path-loss exponent for Device B is presented in Figure 18 and
the improved calculated error is presented in Table 13.

Figure 18: Optimal Distance Estimation Tunnel Device B (Adjacent)

Table 13: MAE and MSE Comparison for Adjacent Devices A, B and C in Tunnel

Device MAE (Unfiltered) MAE (Filtered) MSE (Unfiltered) MSE (Filtered) Max error (Unfiltered) Max Error (Filtered)
B 12.41 3.67 487.22 23.08 81.32 17.61

Using the same data as in Figures 11 and 12, where beacons where placed 45 meters apart,
in opposite ends of the tunnel, the distance estimation using an optimal value of n for all devices
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is presented in Figures 19 and 20, with their calculated errors for filtered and unfiltered data
presented in Table 14.

Figure 19: Distance Estimation Tunnel Device A

Figure 20: Distance Estimation Tunnel Device B

Table 14: MAE and MSE Comparison for Devices A and B in Tunnel (Opposite ends)

Device MAE (Unfiltered) MAE (Filtered) MSE (Unfiltered) MSE (Filtered) Max error (Unfiltered) Max Error (Filtered)
A 8.23 6.12 143.87 75.70 60.00 24.02
B 14.68 13.13 388.31 329.09 55.00 39.84

6.4 Positional Estimation

When estimating the position, data where there are measurements to two or more beacons that
are not placed adjacent is necessary. Using the distance estimation from Figures 13 and 14 and
applying the weighted average method, the positional estimation is presented in Figure 21 with
the positional errors presented in Table 15.
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Figure 21: Positional Estimation Open Field

Table 15: MAE and MSE and Max error for Positional Estimation in Open field

MAE MSE Max error
3.40 21.75 11.19

Using the estimated distance in tunnel from Figures 19 and 20, the positional estimation is
presented in Figure 22 and the positional errors presented in Table 16.

Figure 22: Positional Estimation Tunnel

Table 16: MAE and MSE and Max error for Positional Estimation in Tunnel

MAE MSE Max error
6.41 66.10 21.34

To emphasize the unreliable nature of positional estimation within a tunnel, the result from
another similar experiment in a tunnel environment is presented in Figure 23 and Table 17.
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Figure 23: Positional Estimation Tunnel 2

Table 17: MAE and MSE and Max error for Positional Estimation in Tunnel 2

MAE MSE Max error
8.97 140.26 28.99
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7 Discussion

7.1 Result

The results presented in Section 6.1 showcased the unreliability of RSSI due to multipath fading
and other environmental factors. Even in relatively ideal conditions (open field), the RSSI values
fluctuated significantly across various distances, as seen in Figure 4. When positioned in a tunnel,
the problem became even more prevalent due to the reflective surfaces and confined environment,
leading to signal enhancement or degradation. The graph also shows how the perceived signal
strength, when increasing the distance, can be lower when it should not be. Also as seen in Table
9, the mean squared error for tunnel were quite large, suggesting that the error or the difference
between the ideal environment and tunnel were large. When comparing the measurements from
open field and tunnel, the result shows that there is generally a lower value of RSSI in tunnel
compared to open field, for the same distances.

Figures 5 and 6 further demonstrates the unpredictable behavior of RSSI within tunnels, where
within the same tunnel, the measured RSSI can differ greatly between beacons placed adjacent.
This is extra problematic as RSSI is used with a path loss model to calculate distance and the
model’s variables depends on the environment. Ideally the model should treat all the readings
within that environment the same but with there being no consistency, this can be problematic.

The result from Section 6.2 showcased the effect of applying Kalman filter to smooth the RSSI
data and that it works well in reducing spikes and providing more consistent behavior. The filtered
RSSI values closely followed the average trends observed in the raw RSSI, but with reduced noise.
Figure 11 and 12 shows that this effect was especially noticeable in the tunnel environment, where
the filtered RSSI remained more stable than the unfiltered values. However the result also shows
how the Kalman filter can struggle when moving from one location to another, due to the reliance
on past estimates and slow convergence to new RSSI values.

Section 6.3 demonstrates the effectiveness of using a Kalman filter for distance estimation with
consistent lower errors compared to the unfiltered data. The largest error for filtered data, com-
pared to unfiltered data, was always significantly lower, which was to be expected due to the design
of the Kalman filter, reducing the spikes. This fact was also showcased by the filtered distance
estimation having a lower mean squared error, meaning there are not as many extreme errors.
The mean absolute error was also lower, meaning the Kalman filtered distance estimation being
more accurate. Despite these improvements, the inherent variability in RSSI meant that distance
estimation remained challenging, especially in tunnel.

For the positional estimation, the result presented in Section 6.4 demonstrated varying accu-
racy based on the environmental conditions. The weighted average method applied to distance
estimates worked reasonably well in the open field, achieving a positional error of 2.75 meters.
However, in the tunnel environment, the weighted average method increased to 6.44 meters or
more, with some large single errors of up to 22.36 meters. This result highlights the difficulty of
accurately positioning a target in an environment with significant multipath fading.

7.2 Problem Definition

To address how well the problems defined in the introduction Section 1.3, the defined researched
questions will be answered iteratively.
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How robust is RSSI in different environments?

The experiments conducted in various environments illustrated that RSSI is highly sensitive to
the surroundings. In open field conditions, RSSI measurements varied significantly, which only
worsened in the tunnel due to multipath fading, shadowing, and reflective surfaces. By applying
Kalman filtering to reduce signal noise and spikes, the system produced more stable RSSI estimates,
though this approach still struggled and generated great positional errors. RSSI also struggles with
change in the positioning of the measuring tag, as seen in this study in Table 2, when the placement
of the tag changes from in the air to within a pocket, the signal strength can experience a great
degradation. RSSI is not a very robust measurement due to multiple factors affecting the signals.

How applicable is path-loss models for distance calculation?

Applying the log-distance path loss model helped translate filtered RSSI data into approximate
distances. However, the accuracy of the path-loss exponent (n) proved crucial and required careful
calibration for each beacon in different environments. This tuning of the path-loss exponent makes
the path-loss model less suitable for a large scale system, such as a mine, due to much work would
be required to accurately tune it. The inconsistency in RSSI values also led to significant deviations
in estimated distances, where the mean absolute error ranged up to 13 meters in some cases. Given
consistent RSSI, the distance calculation works well with good accuracy.

How well can positioning be based on RSSI from multiple reference points?

Using multiple reference points is required to estimate a position, which can be done through
trilateration. However in the case of this study, the setup of the reference points in the experiments
have been of collinear nature in a narrow tunnel, which have led to simplifying the lateration along
a one-dimensional line. The weighted average method was used to emphasize closer beacons due to
RSSI generally being more accurate within close proximity. Despite filtering RSSI values, positional
estimation remained challenging because the system heavily relied on distance estimation, which
itself was imprecise, with errors of up to 24 meters within a tunnel.

How accurate is RSSI-Based Positioning?

The approach to improve accuracy involved noise filtering and weighted average and even with
these efforts, positional accuracy remained unsatisfactory. As stated earlier the mean absolute
error within tunnels was 6.49 meters or more and with some very large errors of up to 23.62
meters.

Additional technology to improve accuracy?

Other research that have been studied suggests that integration of multiple sensing technologies
could improve accuracy. For instance, combining inertial measurement units with RSSI could
enhance the reliability of the system due to the Kalman filter having more dimensions of data
to generate its predictions of the system. Another potential solution could be the use of neural
networks that blend multiple data sources to estimate positions more accurately. A potential dif-
ferent alternative is fingerprinting, which could better capture the behavior of different locations
within a tunnel or mine. This could potentially solve the main challenges faced in this study due
to matching the RSSI value to a position instead of having to convert to distance and from the
distance, use trilaterion to generate a position. It would however require extensive data collection
in different environments and trying such solution was out of the scope of this study.
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7.3 Comparing Results

The outcome of this study were compared with those discussed in Section 3. [10], [9] and [12] all
showed promising result for positional estimation using some type of Kalman filtering, however this
study underperformed in comparison to these. Identifying why the result in this study experiences
such a difference is challenging, but differences exist in how the system were tested. For instance,
[10] introduced artificial noise into their dataset to mimic expected environmental interference,
which does not necessarily match the interference observed in this study.

The raw RSSI data examined in [12] showed less variability, with fluctuations between the
minimum and maximum RSSI values at the different distances not exceeding five dBm. Such low
variations were not observed in this study, and worth noting is that the distances in that study
did not exceed ten meters. That means there are no remarks for longer distances, in which it has
been found to exist great variability.

This study experienced a greater variability in RSSI and thus the positional estimation suffered.
The study conducted in [13] better aligned with what was experienced in this study, where the
behavior of RSSI is quite unreliable. It is once again difficult to deduct the exact reasoning for
the difference in experience when it comes to RSSI. However both [13] and the study performed in
this paper have had a greater focus studying the actual RSSI data, with experiments focusing on
the behavior of RSSI.

7.4 Ethics

An ethical challenge in this project arises from the use of tags to monitor personnel locations
within the mine, which are relayed to a central station. While enhancing safety, this practice com-
promises privacy by making location data accessible and this potential intrusion on privacy may
lead to employee dissatisfaction and concerns over their right to privacy. With this the company
bears a responsibility to properly handle the data and be transparent with its employees of how
the data is used.

As the system is only used within the tags and not any private mobile, the tracking only happens
within the working area, and the tags are left at the workplace when leaving. This ensures that
no tracking can be done outside of the workplace.

7.5 Sustainability

The research conducted in this thesis contributes to sustainability and has some significant impli-
cations for advancing the United Nations’ Sustainable Development Goals.

7.5.1 Good Health and Well-Being

The research does not contribute to the goal of good health and well-being in the traditional sense
of healthcare, such as advancements in medicine or medical treatments, as usually exemplified by
the UN. However, accurate positioning of individuals in mines impacts worker safety and health
by reducing the risk of accidents and enhances the emergency response times.

7.5.2 Decent Work and Economic Growth

The implementation of positioning technologies in mines can lead to improved operational effi-
ciency. By reducing the risks associated with underground mining and improving safety, companies
can create a more secure and stable working environment. This contributes to economic growth
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by enhancing productivity and ensuring that mining activities are safely conducted and thereby
supporting decent work conditions.

7.5.3 Industry, Innovation, and Infrastructure

Improving the accuracy of RSSI-based positioning systems enhances the sustainability and re-
silience of underground infrastructures, and providing more precise location tracking ensures
greater safety and operational efficiency in such environments. Additionally, it fosters innova-
tion through the development and application of advanced signal processing techniques, which
contribute to the broader goals of sustainable industrialization and resilient infrastructure.
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8 Conclusion and Future Work

The report has presented a comprehensive study of RSSI-based positioning both in open field but
more importantly within tunnel environment. Tests have been conducted in different environments,
with different hardware and with different placement of the scanning tag. The result highlights the
challenges in intricacies of achieving accurate positional estimations in tunnel-like environments,
which are heavily affected by signal multipath fading and other environmental interferences.

The experiments confirmed that while RSSI can provide a basis for positional estimation, its reli-
ability varies significantly with environmental context. In open areas, RSSI-based methods showed
reasonable accuracy; however, in confined spaces like tunnels, the accuracy decreased markedly
due to increased signal reflection and diffraction. The implementation of Kalman filters has shown
potential in stabilizing RSSI readings by mitigating noise and signal fluctuations, thus enhancing
the overall robustness of the system.

One of the primary challenges encountered was the high variability in RSSI values even under
controlled, near ideal, experimental conditions. This variability poses significant obstacles in de-
veloping a universally robust system. Furthermore, the dependence on multiple reference points
and the necessity for environment-specific tuning (e.g., adjusting path-loss models) highlight the
complexities involved in deploying RSSI-based positioning systems in dynamically changing envi-
ronments like tunnels.

Integrating other technologies such as inertial movements, with RSSI-based positioning could
provide more reliable and accurate positioning systems. This hybrid approach could leverage the
strengths of each technology to overcome individual limitations. Applying machine learning al-
gorithms to predict and correct RSSI behavior could offer significant improvements. Techniques
such as neural networks could be trained to understand environmental impacts on RSSI values
and adjust calculations accordingly. Fingerprinting could be effective, since with enough data the
system could capture the behavior for all the different areas.

Despite the challenges faced, this research has fulfilled the goal of researching the reliability of
RSSI-based positioning in tunnel environments. Using RSSI in itself is proven to be difficult and
unreliable and in order to achieve higher accuracy and reliability, incorporating more dimensions of
data, such as movement dynamics, should be considered. This additional data could be effectively
integrated into the Kalman Filter algorithm, which has already shown promise in stabilizing RSSI
readings by accounting for temporal variations and noise. Incorporating movement data would
allow the Kalman Filter to adapt more dynamically to changes in the environment, resulting in
better accuracy.

Moreover, exploring other technologies could provide substantial benefits for more reliable dis-
tance estimation. For instance, technologies like Round Trip Time (RTT) have the potential to
offer a more direct measurement of distance by calculating the time it takes for a signal to travel
from a transmitter to a receiver and back. RTT could possibly be less susceptible to the environ-
mental variables that typically affect signal strength and should therefore be considered to further
investigate. Alternatively investigating ToA or TDoA can also be interesting, but the clear advan-
tage of RTT is that there is no requirement for synchronized clocks which could be quite difficult
in a harsh environment such as a mine.
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