
Article

Communication of Sensor Data in Underground Mining
Environments: An Evaluation of Wireless Signal Quality
over Distance

Hajime Ikeda 1,*, Oluwafemi Kolade 2,3 , Muhammad Ahsan Mahboob 2, Frederick Thomas Cawood 4

and Youhei Kawamura 5,6

����������
�������

Citation: Ikeda, H.; Kolade, O.;

Mahboob, M.A.; Cawood F.T.;

Kawamura, Y. Communication of

Sensor Data in Underground Mining

Environments: An Evaluation of

Wireless Signal Quality over Distance.

Mining 2021, 1, 211–223. https://

doi.org/10.3390/mining1020014

Academic Editor: Mostafa

Benzaazoua

Received: 9 August 2021

Accepted: 7 September 2021

Published: 14 September 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 Graduate School of International Resource Sciences, Akita University, Akita 010-8502, Japan
2 Sibanye-Stillwater Digital Mining Laboratory (DigiMine), Faculty of Engineering and the Built Environment,

Wits Mining Institute (WMI), University of the Witwatersrand, Johannesburg 2000, South Africa;
femikolade@outlook.com (O.K.); ahsan.igis@gmail.com (M.A.M.)

3 School of Electrical and Information Engineering, University of the Witwatersrand,
Johannesburg 2000, South Africa

4 Wits Mining Institute (WMI), University of the Witwatersrand, Johannesburg 2000, South Africa;
frederick.cawood@wits.ac.za

5 Division of Sustainable Resources Engineering, Faculty of Engineering, Hokkaido University,
Sapporo 060-862, Japan; kawamura@eng.hokudai.ac.jp

6 North China Institute of Science and Technology, Langfang 065201, China
* Correspondence: ha2ikeda@gmail.com; Tel.: +81-18-889-2236

Abstract: The technologies of the fourth industrial revolution have the potential to make zero harm
possible for the first time in the history of mining. In the journey toward zero harm, rock stress
monitoring systems are important for the risk management process. Although communication
systems for underground mining have improved significantly over the past two decades, it remains
difficult to achieve reliable-all-the-time wireless communication in ultra-deep level underground
mines. The aim of this study is to explore and test a smart phone network for communicating sensor
data from the underground production environment to the surface. In this paper, the evaluation and
performance over distance of a wireless communication system is performed in underground mining
environments. The wireless system transmits the data collected from a sensor installed in a narrow
reef stope, horizontal tunnel, and vertical shaft area of a mock underground mine. The evaluation
was performed using the received signal strength of a mobile receiver over distance. The path
loss coefficients of the underground mining environment were then derived for the measurement
areas. The results show that a communication speed of 80 Mbps was achieved in a 60 m range, thus,
indicating the potential for the support of applications requiring higher data rates.

Keywords: underground communication system; WSNs; WiFi Direct; communication of sensor data

1. Introduction

The advances in mobile computing and hardware designs have enabled the deploy-
ment of more efficient functionalities on mobile devices while these devices have become
smaller and compact. In underground mining environments, the low rate of mobile device
usage is mainly caused by strict safety regulations. Currently, several wired [1,2] and
wireless communication technologies are available that satisfy the minimum required
criteria for the data broadcast speed and range to support remote mining operations and
advanced monitoring systems.

The main advantage of wireless communications is mobility within a closed space.
In underground mines, wireless technologies can be used to support the mobility of
humans and machines in dangerous working areas. In those areas, conventional cable
communication can be easily damaged by heavy machinery and may not advance quickly
enough with the required expansion of working areas.
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As a result, wireless sensor networks (WSNs) have become useful for measuring and
monitoring important data, such as in situ stress and strain, air quality, and data from
machines in underground mines. Long term in situ stress and strain monitoring systems are
necessary to observe the rock conditions in mining excavations. While numerical modelling
methods can provide a faster approach, actual measurements from sensors installed around
the areas of interest can provide more accurate stress and strain measurements of the
surrounding rock.

These measurements can be more valuable if an efficient communication system is
present at the working areas and can deliver the data over long distances to important
decision making locations, such as the central processing office, which is usually located at
the surface. Before communication technologies can be deployed in situ in underground
mining environments, extensive measurement campaigns in safe test-bed environments
are necessary to estimate the performance of such technology under harsh conditions.

The measured data have shown to be useful in applications such as optimized network
design, file download efficiency, user and machine localization, and positioning. In order
to successfully develop these algorithms, the path loss properties of the wireless signals,
such as the received signal strength indicator (RSSI), are collected from test environments
and used to train the algorithms offline. The trained models can then be used for actual
navigation and the determination of the users’ positions in realistic scenarios using existing
algorithms, such as the k-nearest neighbour (KNN) or triangulation.

Such methods can also be adopted in underground mining environments and will
require extensive RSSI measurements in order to understand the effects of different ge-
ometries on direct WiFi signals. In scenarios where the data are required to be transferred
over long distances, such as to a surface office for further processing, the effect of deep
fading is mitigated by simply re-transmitting the signal over a distance where the signal
can be received, decoded, and re-transmitted reliably. Hence, adequate knowledge of the
propagation properties, such as the received signal strength (RSS) can inform the placement
and deployment of transmitter-receiver pairs in the mine in order to achieve reliable data
hops to the destination.

In this paper, the practical integration of a multi-sensor, cell monitoring system with a
low-complexity WiFi communication system is evaluated in a narrow tunnel, narrow-reef
stope, and vertical shaft of an underground mining environment. The data from the sensor
is transmitted directly to a mobile phone receiver that is in the transmitter’s line-of-sight
(LOS) and non line-of-sight (NLOS). The RSSI as well as throughput performances are
evaluated with respect to the distance and geometry of the environments. Using the RSSI
data, the path loss propagation properties of the different measurement areas of the mine
are also derived. By conducting physical experiments to measure the performance of
WSNs, we evaluate the performance in underground mining environments. The results
have the potential to inform the transfer speed and signal quality that can be achieved in
real severe environments.

This paper is organized as follows: in the introduction, the concept of a wireless
monitoring system and path loss model is discussed, Section 3 introduces the proposed in
situ stress monitoring system. In Sections 4 and 5, the principle of the experiment, the RSSI
Model for WiFi Direct, and the setup of the experiment are described. Sections 6 and 7
conclude the paper, discussing the results and proposing further steps for expanding the
experiment.

2. Related Work
2.1. Wireless Sensor Networks

The efficient monitoring of natural events that pose a safety risk to humans in under-
ground mining environments can assist with improving the health and safety conditions in
the environment. Such risks can emanate from rock movement due to stress, imbalances
in temperature and ventilation, and smoke and air quality issues [3]. Generally, in situ
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stresses increase with depth as, in shallow coal mines, the rate of increase in horizontal
stresses as the depth increases is greater than the rate of increase of vertical stress.

On the other hand, with increasing depth, the rate of increase in horizontal stresses
decreases. Therefore, a considerable scatter in the in situ stress test data may be due
to distinct differences in both the strength and deformation moduli of strata located in
different geological environments and coal districts [4].

In monitoring rock masses in deep underground environments, an extra-deep, multiple-
point borehole extensometer was investigated in an iron-ore mine in eastern Jinshandian.
The extensometer was demonstrated to be applicable for up to 300 m depth. The in situ
monitoring results collected over eight years were analyzed [5].

WSNs in underground environments can assist with measuring events that include,
but are not limited to, temperature, dust, smoke, air pressure, air quality, humidity, rock
stress, and movements. In [6], a review of WSN applications was performed in which
the impact of wireless technology, such as ZigBee, was discussed and evaluated for mine
collapse monitoring, the tracking of miners in underground environments, and the support
of robots for the collection and delivery of data from areas that are inaccessible to humans.

A direct application to gas monitoring was performed in [7] and fire detection was
conducted in [8], where the authors evaluated the fire detection speed in a Bord-and-
Pillar coal mine using WSN. Using simulations, the authors proposed a prevention system
capable of detecting the location of fire breakouts in seconds as well as the direction of the
fire as it spreads.

While the data from sensors in an underground environment can be collected and
analyzed locally, the work in [9] further discussed the potential of integrating an Internet
of Things (IoT) system with the data collected from sensors in underground environments.

Trust models of WSNs security have flourished due to the day-to-day attack challenges,
which are most popular for the IoT [10]. Designing a robust IoT network imposes some
challenges, such as data trustworthiness (DT) and power management. In [11], a repeated
game model was used to enhance clustered WSN-based IoT security and DT against a
selective forwarding (SF) attack. However, WSN trust models are not considered in this
paper, and more details can be found in [10,12].

Using the IP protocol, the data collected from the sensing layer can be available in
real-time and remotely through cloud storage. Security challenges, however, exist in the
sensing layer, suggesting the need for robust security protocols to safeguard the end-to-end
delivery of the data. The transmission of the collected data to the remote cloud can suffer
from high latency when using current communication technology. By bringing the server
relatively closer to the miner, mobile edge computing (MEC) is a promising distributed
computation architecture to seize the opportunity of enabling low-cost, and low-latency
data collection. These issues are covered in detail in [13,14].

In the event of a mine disaster, traditional communication networks can potentially
be damaged and disrupted, affecting the ability of mine to understand the underground
environment’s conditions. This influences the quality and speed of decisions due to the
disruption of real-time information required for mitigating the effect of any problems that
may occur underground. Therefore, ZigBee and geographic information systems (GIS) tech-
nologies have been suggested to provide more effective communication systems [15,16].

Moridi et al. investigated various sensor node arrangements of ZigBee networks for
underground space monitoring and communication systems [17]. The proposed system
integration considering WSNs enables GIS to better monitor and control underground
mining applications from the surface office.

Based on the capabilities of WSNs in the study, the ZigBee network was considered
applicable for near real-time monitoring, ventilation system control, and emergency com-
munication in an underground mine. The outcomes of such application provide promising,
suitable network performance in such environments. Moreover, experimental measure-
ments of ZigBee radio waves attenuation were validated by simulation results [18] for
underground mines.
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The outcome of this work shows that WSN can be reliable in deploying low data rate
applications in underground mine environments, such as ventilation fan remote control,
text messaging, and temperature and humidity readings and settings. The system functions
of the model were tested and verified in an underground mine in Western Australia [19].

An overview of wired and wireless communication technologies, such as ZigBee,
radio frequency (RF), and very low and very high frequency communication in under-
ground mining and tunnel environments, was reviewed in [20]. In particular, the different
modelling techniques of RF in underground mines show the different path loss propagation
properties of the wireless signals, such as roughness, refraction, and sidewall tilt loss.

From the derived models, it is evident that signal propagation in underground mines
is heavily influenced by the topology of the environment, such as the corners in tunnels, the
unevenness, and tilting of the walls. Such channel knowledge was shown to be important
in the deployment and implementation of underground mine applications for tracking and
transceiver designs. An integration of a WSN with optic fibres in [21] was used to deliver
the data collected from sensors installed in an underground coal mine to a monitoring
centre at the mine surface.

Here, Zhang et al. attempted to address the need for safety by proposing a generic,
integrated ambient-assisted living system architecture. A mesh network architecture was
demonstrated in the WSN such that a cluster head, in the form of a routing node administers
connected sensors, played the role of cluster members in the network [21].

Such architecture ensures that a broken sensor or broken link to the cluster head does
not break down the entire system, while the cluster head manages dual communication
with the surface control center. WSN was also integrated with WiFi in [22]. Here, Tao and
Xiaoyang’s system showed that WSN-WiFi applications can be used to extend the reach of
the WSN system in low to high data rate applications, such as gas monitoring and video
surveillance.

2.2. Applications of the Path Loss Model

The path loss model [23] for wireless signals can assist with evaluating the RSS of
WiFi signals over distance. Other properties describing the fading nature of the signal
in the environment, such as shadowing or path loss coefficients, can be determined by
direct measurements. These properties not only provide understanding of the effect of the
environment on wireless signals but also assist with offline analysis and simulations.

Mobile devices are equipped with RSS functionality. Hence, applications, such as user
indoor positioning and navigation [24–31] and battery resource management [32], have
emerged. In [24], the localization accuracy based on RSS was improved by using a priori
information obtained from measurements. Introducing the local environment parameters
to wireless signal networks enabled better calibration of the WSN.

Aside from the RSSI-based method for fingerprinting and position location, the fine
timing measurement (FTM), introduced in IEEE 802.11-2016, uses the properties of the
received signal between mobile phone sensors, such as the arrival time and delay, for
positioning. Hence, in [25], a comparison of the FTM technology with RSSI-based indoor
positioning over a 2.4 GHz wireless system under realistic scenarios was performed.

The IEEE 802.11-2016 introduced FTM, which uses received signal properties, such
as the arrival time and delay, for positioning with mobile phone sensors. Using the least
squares (LS) method in a given radius, the position of the user in an indoor environment,
transmitting over a 2.4 GHz channel is estimated, with the results showing that FTM
improves the positioning when compared with the RSSI method. The statistical processing
of RSSI measurements can also be used to process RSSI fingerprint data in order to improve
the accuracy and reduce the complexity by reducing the amount of data required during
offline processing.

In [27], a comparison of the accuracy of machine learning algorithms, such as KNN,
singular value decomposition (SVM), and decision tree models, was used to classify finger-
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printing data used for indoor positioning. The classification enabled offline localization
using predictive measures during offline processing.

In [28], a hybrid of a KNN algorithm and particle filtering algorithm [29] was adopted
to improve the positioning accuracy of a robot in an indoor environment. The effect of
Bluetooth interference with the wireless signals on the positioning accuracy was also inves-
tigated in [30]. This was performed by comparing the statistical approaches, such as the
Weibull distribution and the probability of occurrence of an observed RSSI measurement.

Studies investigating the propagation of wireless signals in the underground tunnel
coal mines go as far back as the work in [33] done in 1975. In this work, the effect of the
geometry of the walls and corners were evaluated over high frequency radio waves in the
MHz range. Since then, several works have studied the propagation models of wireless
signals over higher frequencies.

The propagation properties of 900 MHz radio signals were measured in [34] for
longwall underground coal mines. In [35], the delay, impulse response, and power profiles
of signals received over 2.4 and 5.8 GHz frequencies were reported for an underground
mining environment.

The measurements for LOS and NLOS scenarios show the fading characteristics as
Rice and Rayleigh distributions, respectively. In underground environments, an adaptive
fingerprinting technique, using RSSI data obtained from measurements, was used to
improve the localization of users in [26].

3. In Situ Stress Monitoring System

In this study, in situ stress is used as input data. The input data will be sent to the
surface and data centre via the proposed communication system, which will be further
available in the cloud. The proposed data transfer system design is shown in Figure 1.

A data logger installed inside an underground mine senses in situ stress, enabling it
to be transferred to a mobile device owned by a nearby miner [36]. Such data can then be
sent to another miner’s mobile phone using WiFi Direct. In order to develop a differential
in situ stress or strain monitoring system, it is necessary to find a suitable device in the
market or to develop a measurement unit (sensing), fulfilling the needs of the experiment,
in addition to the communication unit.

The sensor unit, developed by [37] can be installed by drilling a hole into the support
system of an underground mine with a 60 φ drill-bit. The computer-aided diagram of the
sensor unit is shown in Figure 2. In Figure 2a,b the blue-coloured unit, installed close to the
centre of the device, is the sensing unit. In addition to a pair of strain gauges attached on
the X, Y and Z surface, a nine-axis sensor (LSM9DS1) is installed to detect the orientation
of the sensor unit during installation.

Figure 1. The data transmission monitoring system design.
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(a) The x, y, and z strain gauges with a nine-axis unit. (b) Cross-sectional diagram.

Figure 2. Sensor unit.

Within the sensor unit, each sensor has its advantages and disadvantages. Each
sensor’s disadvantages are mutually complemented by its advantages to improve the
accuracy of three-dimensional (3D) orientation estimation. Since the stresses measured
by the strain gauges are relative to the rock surface, the magnitude and direction of the
stresses inside the rock mass are clarified by combining the results of the attitude detection.

The strain gauges are placed according to the 3D coordinate system (X, Y, Z). The
relationship between the strain and stress is determined from the load and displacement of
the sensor unit (in situ stress). This can be determined by material testing and the values
of the strain gauges. In addition, the in situ differential stress is obtained from the strain
applied to the sensor unit in the underground mine.

A load response test was conducted, using Marui’s manual uniaxial compression
testing machine (the rated capacity of the load cell is 20 tf) to apply a load to the sensor unit.
The load was varied in increments of 50 kgf, and the load-displacement curve (between
elastic deformation), the strain, acceleration, angular velocity, and geomagnetism of the
sensor unit were collected as the measurement data. The displacements from different load
values and strain in the experiments are shown in Figure 3.

The sampling frequency was set to 1 Hz, and the data were transmitted to the receiver
via ad hoc communication (WiFi Direct). In the material test, the load was applied up to
5 MPa in terms of stress. By following the steps above, the possibility of the in situ stress
measurement in underground mine via WSN is shown. In situ stress and displacement
in the underground mine requires attitude and stress detection of the sensor unit. This
enables us to identify the direction and the degree of stress in the underground mine. In
Figure 4, a complete system with integrated the wireless transmitter with the data logger
is shown.

(a) Displacement vs. load. (b) Strain gauge vs. load.

Figure 3. Sensor unit load experiments.
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Figure 4. Sensor unit with a WiFi transmitter unit and mobile phone receiver.

4. Received Signal Strength Indicator Model for WiFi Direct

Tunnels in underground mines typically have rough and irregular wall surfaces. The
irregularities of the walls influence the scattering, fading, and delay properties of a 2.4 GHz
WiFi signal’s propagation. Consider a setup in which a mobile phone is placed at w meters
(m) from a datalogger, placed at a reference position w0. The path loss, which follows the
normal distribution, is expressed as

PLdB(w) = P̄LdB(w0) + 10η log10

(
w
w0

)
+ N, (1)

in decibels (dB) is used, assuming the antennas used at the transmitter and receiver have
unity gain. The average path loss P̄LdB(w0) is measured at the reference position w0, η
is a constant that describes the path loss exponent, and N is modelled as Gaussian noise
samples having a zero mean and a standard deviation σN . From the measured values of
PLdB(w), the values of η and N can be approximately obtained using the LS regression
method for curve-fitting.

5. Experimental Setup

The data collected by the sensor unit is transmitted over a WRH-300WH3-S WiFi
module through a Raspberry Pi 3 module. The WRH-300WH3-S unit implements the
IEEE 802.11n standard, with a power consumption of 2.4 W. The WiFi receiver is an
android operating system mobile device. Measurements are then carried out in a model
underground mock mine.

The mine contains a part representing a vertical shaft, tunnel, and narrow-reef stope
with the corresponding cross-sections shown in Figure 5. The dimensions of the measure-
ment areas are defined as (w, b, h), where w is the width, b is the length, and h is the height
in meters (m). The position of an object in the measurement areas is described as (x, y, z) in
meters, where x is the horizontal position of the object along the width w, y is the horizontal
position along the length b, and z is the vertical position of the object along the height h.
The dimensions of the tunnel, stope, and shaft are given in Table 1.

In the tunnel that has a height of 3 m, the sensor along with the transmitter are
mounted on a pole and positioned at three different positions, namely (0.5, 0, 1), (1.5, 0, 1),
and (2.5, 0, 1). The RSSI is then measured by centering the mobile receiver at position (1.5,
y, 1), where y = 1, 2, 3, . . . , 60 m along the tunnel. In the stope, which is 1 m high, the
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transmitter is positioned at positions (0.35, 0, 0.5), (1.35, 0, 0.5), and (2.35, 0, 0.5), while
the transmitter is placed at the floor of the shaft in positions (0, 1, 0), (1, 1, 0), and (2, 1,
0). The receiver is placed at positions (1.35, y, 0.5), y = 0.5, 1.0, 1.5, . . . , 5 m and (1, 1, z),
z = 1, 2, 3, . . . , 15 m, respectively.

Figure 5. Cross-sectional diagram of the tunnel, stope, and shaft.

Table 1. Dimensions of the experimental environments.

Tunnel (m) Stope (m) Shaft (m)

w 3 2.7 2
b 60 5 2
h 3 1 15

6. Results and Discussions

Measurements are retrieved in the tunnel, stope and shaft of the mock-up mine test-
bed in order to evaluate the RSSI and throughput performance in terms of speed of the
WiFi signals over distance. The throughput is the ratio between a size (in megabytes) of a
transmitted file and the amount of time (in seconds) that it takes the receiver to download
the file. Using the measurements and (1), Table 2 shows the path loss coefficients as well as
the corresponding variance σN of N. The path loss coefficients of the tunnel and shaft are
lower than the free space path loss of η = 2. However, the path loss coefficient of the stope
is higher. The stope is narrower and also attenuates signals faster when compared to the
tunnel and shaft, according to the Figures 6a, 7a and 8a.

The RSSI over distance is also visualized using heat maps. The colours range from dark
blue to dark red, which depicts weak signal strength to strong signal strength, respectively.
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It is presumed that there is no other radio-emitting equipment in the measurement areas
while measurements were taken.

The graph in Figure 7a shows the sharp decrease in the RSSI values in the stope as
compared to the RSSI values in the tunnel and shaft. The stope, however, has stronger
RSSI values closer to the transmitter, which can be attributed to constructive reflections
due to the more confined area. The tunnel and stope showed different RSSI values at the
same distance, and the difference can be attributed to the horizontal measurement of signal
propagation in the tunnel and vertical measurements in the shaft.

Table 2. Dimensions of experimental environments.

Path Loss Coefficient (η) Variance (σN )

w1 w2 w3 w1 w2 w3

Tunnel 1.745 1.618 1.692 2.5597 3.9103 2.6163
Stope 2.865 2.461 2.295 7.7357 5.5932 6.7104
Shaft 1.669 1.776 1.463 3.9315 3.4931 4.4972
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Figure 6. RSSI and throughput obtained at distance points in the tunnel.
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Figure 7. RSSI and throughput obtained at distance points in the stope.
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Figure 8. RSSI and throughput obtained at distance points in the shaft.

As observed in Figure 9a,b, the RSSI values of the transmitter positioned at the edges
of the measurement areas show stronger received signal power as the receiver moves away
from the transmitter. This is in comparison with the transmitter positioned at the centre of
the measurement areas. Furthermore, some regions, such as 54–59 m in the tunnel, show
stronger RSSI values compared with the 30–40 m shorter distance. Since the 54–59 m region
is closer to the end of the tunnel, which contains steel gates, higher RSSI values in this
region may be attributed to multipath reflections in that region.

(a) Tunnel

(b) Stope

(c) Shaft

Figure 9. Heat maps visualization of the RSSI values.

The heat maps in Figure 9a–c show more detailed RSSI distributions across the width
of the measurement areas. The transmitter was placed in the centre of the width w of the
measurement area, and the RSSI values are obtained along the w axis every 0.5 m in the
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tunnel, 1 m in the shaft and 0.35 m in the stope. The throughput was measured in terms of
bits transmitted per second or bits per second (bps).

In Figures 6b, 7b and 8b, the throughput drops gradually with distance in most regions,
although a sharp drop was observed in some regions in the tunnel. The same throughput
of 130 Mbps was observed in all the measurement points in the stope.

Figure 7b showed that high throughput was achievable at lower RSSI values in the
stope due to the small area, while the throughput dropped to about half from −63 dBm in
the tunnel. Therefore, reliable speed was guaranteed in stope environments to transmit data
out of the stope to the next available communication link. Overall, an Mbps communication
speed over 60 m was sufficient to communicate important sensor data in real-time. The
RSSI values remained above the recommended limit of −80 dBm in all the measurement
areas considered.

7. Conclusions

In the near future, underground mines will become deeper and more complex in
structure. This necessitates the continuous improvement of worker safety and productivity.
One area in which improvements can be made is in communication systems, which are
crucial for the safe operation of underground mines, preventing potential accidents and
losses from occurring.

Reliable communication is also an important pre-requirement for mechanization and
enabler for automation. There is a significant recent body of research on WSN because of
its added-value to safety, worker health, improving infrastructure and general efficiency
in mining.

In this study, the practical communication of critical sensor data in three underground
mining environments was demonstrated and analyzed using the RSS. According to the
experimental results, a communication speed of Mbps at a distance of 60 m was sufficient
for real-time communication of important sensor data. In addition, the recommended RSSI
value to maintain was −80 dBm in all measurement areas. The statistical properties of the
path loss associated with the measurement environments were derived. In addition, this
communication system does not require a central access point.

Communication is, therefore, possible, not only from the base unit to the mobile
terminal but also from the mobile terminal to other mobile terminals. Hence, the signal
strength information can influence the placements of the signal repeaters for longer distance
transmissions. Furthermore, the communication speed observed from the measurements
indicates that high data rate applications can be supported. More than 70 Mbps is possible
in LOS environments, while the speed drops to over 50 Mbps in NLOS environments.
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