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Abstract

The deployment of wearable wireless devices plays a crucial role in monitoring and

enhancing the health and safety of underground miners. The widespread use of

these devices has driven a significant expansion in their application, emphasizing

the need to prioritize miners’ health and well-being in underground environments.

Wearable wireless devices rely on radio-frequency electromagnetic fields (RF-EMF)

to transmit and receive signals. The proximity of RF-EMF to the human body in

the confined spaces of underground mines has raised significant concerns about po-

tential health risks, particularly due to the combination of limited space, elevated

temperatures, and prolonged device usage. Therefore, investigating RF-EMF ex-

posure in underground mining settings is imperative to assess its potential health

effects. Non-Ionizing Radiation Protection (ICNIRP) regulates RF-EMF expo-

sure regarding specific absorption rate (SAR) and temperature elevation in the

tissues. This study assesses the impact of RF-EMF exposure for a widely adopted

wearable device and IoT module, specifically the ESP32-WROOM employing a

meandered inverted F-shape antenna (MIFA), within underground mine environ-

ments. The SAR was evaluated for MIFA at 2.4 GHz using a 4 mm human model

for different mounting positions, distance between MIFA and body, power level,

underground mine structure, and rock properties. Additionally, the study explores

the temperature elevation in tissues caused by prolonged RF-EMF exposure, tak-

ing into account the varying temperatures and exposure durations typical of the

underground mine environment. Furthermore, machine learning (ML) and deep

learning models were incorporated to predict SAR and temperature elevation in

tissues for different variations of associated exposure parameters. The experimen-

tal measurements were conducted for wearable devices in a mock mine tunnel

using the Cornet ED88TPLUS RF-EMF Meter. The study concluded that (1)

SAR remained below ICNIRP limits when the wearable device was positioned 12

mm away from the body, indicating that this distance is safe for minimizing RF-

EMF exposure. (2) It was also found that the wrist is the optimal location for

mounting the wearable device on a miner’s body, outperforming torso placements

in minimizing RF-EMF exposure. (3) The study further observed that RF-EMF

exposure levels slightly increase due to the confined space of the underground mine

environment, with marginal variation across different simulated rock properties.

Therefore, it is recommended that ICNIRP limits be maintained in these settings
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to mitigate RF-EMF exposure. (4) The primary contributor to temperature el-

evation in tissues was found to be the ambient temperature of the underground

mine. However, the temperature rise due to RF-EMF exposure from the wearable

device remained below ICNIRP limits for all simulated scenarios. (5) Additionally,

temperature elevation increased exponentially, reaching its peak after one hour of

continuous exposure under the same conditions. (6) The study also concluded

that ML and deep learning models can predict SAR and temperature elevation,

providing a fast and accurate solution for estimating RF-EMF exposure. Integrat-

ing these models into wearable devices could enable real-time RF-EMF exposure

assessments, eliminating the need for separate equipment to measure the exposure.

Further measurements were conducted at various distances from the wearable de-

vice, with power densities assessed to confirm that a 10 mm distance provides a

secure buffer. Assessing RF-EMF exposure in underground mining environments

offers valuable insights for enhancing risk management strategies and minimizing

health risks associated with RF-EMF exposure.
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Chapter 1

Introduction

1.1 Introduction

The proliferation of wireless communication devices in everyday life has heightened

health concerns associated with radio-frequency electromagnetic fields (RF-EMF)

exposure. These devices utilise various antennas to emit RF-EMF at different fre-

quencies. When the human body is in proximity to these wireless devices, it entails

two critical considerations: Firstly, the presence of the human body can affect the

radiation properties of the antenna, thereby compromising its performance. Sec-

ondly, the human body can absorb RF-EMFs emitted by these devices, which can

cause an increase in tissue temperature and subsequent health concerns. When

RF-EMFs are exposed to the human body, they act as a lossy dielectric material

and absorb the energy [1]. It can cause an increase in the kinetic energy of the

tissues over time. If the operating frequency of the wireless device is close to the

resonance frequency of the tissue, it transmits more energy to the human body

and elevates its temperature [2].

The Specific absorption rate (SAR) is the standard term for regulating RF-EMF

exposure to the human body. SAR is defined as the amount of power absorbed

per tissue mass. The International Commission on Non-Ionizing Radiation Pro-

tection (ICNIRP) and the Institute of Electrical and Electronics Engineers (IEEE)

provide guidelines to regulate RF-EMF exposure in terms of SAR and the rise in

temperature of the tissues. The ICNIRP reported its first guidelines in 1998, which

provided the basic restrictions of SAR up to 10 GHz and thresholds for electric

1
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and magnetic fields up to 300 GHz [3]. These guidelines were amended in 2010

and 2020 [4] with the current literature and reported health effects of RF-EMF.

The mining industry has become increasingly important in modern life by pro-

viding valuable and essential mineral resources such as oil, gold, lead, copper,

uranium, coal, and platinum [5]. In South Africa, the mining industry plays a

vital role in the economy [6]. Unfortunately, there are numerous fatalities among

miners working in underground mines every year. In 2018 and 2019, South Africa

reported a total of 81 and 51 fatalities, respectively [7]. There has been a notable

increase in fatalities, with 27 reported up to May 2021, surpassing the number

recorded during the same period the previous year [8]. A significant factor con-

tributing to these fatalities is the collapse of ground, accounting for approximately

37% of incidents [7], leaving miners trapped beneath rock debris or blocked tun-

nels. The absence of communication with miners after a disaster and prolonged

rescue operations heightens the risk of further loss of life. Deploying reliable and

robust communication and tracking of miners’ locations can reduce the fatality

rate in underground mines and provide fast and efficient rescue operations.

Wireless communication has various privileges over wired communication as it is

reliable, low maintenance cost, easy to deploy, and adaptive [9]. Wireless com-

munication plays an imperative role in monitoring different environmental and

geotechnical parameters and tracking the location and vitals of the miners. In

recent years, wireless communication systems have been deployed to monitor min-

ing operations and environmental conditions, monitor vital signs and track miners’

locations in underground mines. Tracking the location of the trapped miner is ad-

vantageous for effective rescue operations to save more human lives.

Wearable wireless devices are commonly used to monitor miners’ vital signs and

track their locations. These devices are typically mounted on the miner’s body

during a shift. The deployment of these wearable wireless devices in the proximity

of the miners’ bodies emphasises the thorough investigation of RF-EMF exposure

in underground mines. Moreover, investigating RF-EMF exposure becomes crucial

when wearable devices are utilised in underground mines’ confined, reflective, and



Chapter 1. Introduction 3

high-temperature environments, mainly when used near the human body. The

prolonged operation of these wearable wireless devices throughout the shift can

potentially increase the risk of temperature elevation in tissue. The reflective

nature of the surrounding environment in underground mines can further amplify

exposure to RF-EMF.

Previously, the author investigated the exposure of RF-EMF on the human head

and torso at frequencies of 433 MHz, 868 MHz, and 2400 MHz, utilising various

underground mine scenarios [10,11]. The findings indicated that SAR values were

consistently higher within all underground mine scenarios than in free space. How-

ever, the RF-EMF exposure remained within the basic restrictions set by ICNIRP.

Notably, a metal arch near the RF-EMF source heightened the tissue absorption

rate. However, it is noteworthy that this study did not include factors such as

the high temperatures of underground mine environments and the extended op-

erational durations. Therefore, it is essential to rigorously study the impact of

RF-EMF exposure to wearable devices worn by miners over extended durations,

considering the elevated temperatures inherent to underground mine environments

and the actual structure of underground mines.

This study investigates the impact of wearable devices in underground mines on

SAR and tissue temperature elevation, considering realistic underground mine

structures and rock properties. It also investigates the SAR variability regarding

associated RF-EMF exposure parameters. The study also explores the effects of

RF-EMF exposure on tissue temperature over an 8-hour shift and the high tem-

perature of an underground mine. The SAR and tissue temperature elevation

were also estimated using supervised machine-learning models, and their perfor-

mance was compared. Additionally, a wearable device prototype was developed

to measure RF-EMF exposure in the underground tunnel. The power density was

measured using an RF-EMF exposure meter within the underground tunnel and

compared with analytical and simulated power densities across various distances.
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1.2 The Need for Exposure Evaluation

Wearable wireless devices are crucial in monitoring environmental and geotechni-

cal parameters, vital signs, and the miner’s location. Their increasing adoption

in underground mines underscores their numerous advantages. Consequently, it is

imperative to thoroughly investigate the precise RF-EMF exposure of these wear-

able devices in the harsh environment of underground mines without compromising

underground mine conditions and characteristics.

Furthermore, miners typically wear these devices throughout their entire work

shift. The proximity of RF-EMF in underground mines’ confined, reflective, and

high-temperature during prolonged operation can heighten miners’ exposure levels

to levels that exceed the regulated thresholds set by ICNIRP. This situation poses a

significant risk to miners’ health, making it essential to examine RF-EMF exposure

in such challenging and complex conditions thoroughly.

Various studies have explored the effects of long-term RF-EMF exposure on tem-

perature elevation in body tissues under normal conditions. However, no study

has investigated these effects, considering the high temperatures in underground

mines and the extended duration of exposure. This underscores the urgent need

for further research to enhance our comprehension and mitigate potential health

risks for miners.

1.3 Effects of RF-EMF Exposure on Human Body Tissue

The International Agency for Research on Cancer (IARC) of the World Health

Organization has classified RF-EMFs from mobile phones as Group 2B, mean-

ing they are possibly carcinogenic to humans. This classification raises concerns

about RF-EMF exposure in public health [12]. Several studies summarize the

effects of RF-EMF exposure on various human tissues. For instance, the review

in [13] summarizes research focused on the effects of RF-EMF exposure on the

central nervous system (CNS), including its impact on the blood-brain barrier
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(BBB), neuronal activities such as effects on calcium channels, and autophagic

processes. Similarly, a substantial body of literature published over the past sixty

years demonstrates adverse effects associated with RF-EMF exposure, whether

applied alone or in conjunction with other toxic stimuli. Numerous comprehen-

sive reviews have examined the biological and health effects of RF-EMF exposure

( [14–17]). Collectively, these reviews indicate that, for the high-frequency RF-

EMF exposure below FCC guidelines can lead to:

• carcinogenicity (brain tumors/glioma, breast cancer, acoustic neuromas, leukemia,

parotid gland tumors).

• genotoxicity (DNA damage, DNA repair inhibition, chromatin structure)

• mutagenicity, teratogenicity.

• adverse impacts on the neural, circulatory, immune, endocrine, and skeletal

systems.

• neurodegenerative diseases (Alzheimer’s Disease, Amyotrophic Lateral Scle-

rosis).

• neurobehavioral problems, autism, reproductive problems, pregnancy out-

comes, excessive reactive oxygen species/oxidative stress, inflammation, apop-

tosis, blood-brain barrier disruption, pineal gland/melatonin production,

sleep disturbance, headache, irritability, fatigue, concentration difficulties,

depression, dizziness, tinnitus, burning and flushed skin, digestive distur-

bance, tremor, cardiac irregularities.

The impact of RF-EMF on the human body can be divided into two categories:

thermal and non-thermal effects. Thermal effects arise from the rise in temper-

ature due to energy transferred by RF-EMF. Conversely, non-thermal effects are

not directly associated with temperature changes but with the energy absorbed.

Further associated effects are discussed in detail below:
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1.3.1 Thermal Effects

Different studies investigated the temperature variation in the whole body induced

by RF-EMF exposure and associated potential health impairment. Increased body

temperature of more than 1◦ C can damage human tissues. The excess heat in the

body tissues is dissipated by the body’s thermoregulatory response to maintain

the body’s average temperature, i.e., 37◦ C [18]. Severe health effects can occur

when the body temperature is more than 400 C, which can cause heat strokes

and irreversible cell damage due to thermoregulation physiology impairment [19].

Ramsey et al. observed that hyperthermia significantly affected workers’ health

behaviour when a worker is exposed to high temperature for 14 months [20]. In

another study, Takashima et al. discovered that a SAR of 50 W/kg caused a

temperature increase of more than 2 degrees Celsius after a 30-minute exposure at

2.45 GHz [21]. No significant biological changes were observed when a continuous

or pulsed RF signal with a SAR of 100 W/kg was exposed to cells. However, a SAR

of 200 W/kg inhibited cell growth, which exceeded the ICNIRP basic restriction

of 2 W/kg.

1.3.2 Non-Thermal Effects

Exposure to low-level RF radiation below the ICNIRP basic restrictions typically

does not pose thermal risks, as the body has mechanisms to regulate its tempera-

ture. However, several studies have investigated non-thermal effects arising from

long-term exposure. The extensive use of mobile phones in daily life, mainly when

held close to the head during calls, results in increased exposure to the brain com-

pared to other parts of the body [22]. Consequently, various studies have focused

on assessing the impact of mobile phone signals on the central nervous system

and the brain. Short-term effects of RF radiation may include sleep disturbance,

depression, headache, nausea, and visual disorders [23].
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1.4 Contribution and Novelty of the Research

This research’s primary contribution lies in utilising machine learning (ML) tech-

niques to estimate SAR and temperature elevation in tissues for wearable devices

deployed in underground mines across various parameters. Conducting numerical

simulations is time-consuming and demands substantial computational resources.

Additionally, altering any parameter necessitates repeating the entire simulation

process. In contrast, a trained ML model can rapidly estimate exposure, even

with variations in multiple parameters, outperforming numerical simulations in

speed. However, to the author’s knowledge, no prior study has applied ML tech-

niques to estimate RF-EMF exposure to wearable devices within the underground

mine environment. Furthermore, the research aims to address gaps in the existing

literature by evaluating RF-EMF exposure in underground mine environments,

considering factors such as high temperatures, realistic structure, prolonged expo-

sure durations, and direct measurement within mine tunnels, which have not been

explored in previous studies.

Understanding the variability of RF-EMF exposure parameters and associated

factors in underground mine environments can help us better comprehend RF-

EMF mitigation strategies, thereby improving health and safety standards for

miners in these environments.

A novel aspect of this research lies in its evaluation of SAR and tissue temperature

elevation for a realistic wearable device within underground mine environments,

which, to the best of the author’s knowledge, has yet to be previously explored in

existing literature. In addition, implementing ML models for predicting SAR and

tissue temperature elevation in the context of wearable devices represents another

novel aspect of this research, which has not been previously explored in existing

literature.
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1.5 Research Questions

The use of wearable devices on the body of the miners in high ambient tempera-

tures and confined space of the underground mines may exceed the reference limits

of SAR and temperature elevation of the tissues prescribed by ICNIRP [4]. How-

ever, the RF-EMF exposure was investigated for workers considering high ambient

temperatures, humidity, and clothing effect in [24,25]. It was suggested that high

ambient temperature marginally impacts RF-EMF exposure, but it does not in-

clude the actual structure of the surrounding environment and prolonged exposure.

Considering the surrounding environment is crucial as a metal object near the RF-

EMF source and the human body increases SAR in the tissues [26]. Furthermore,

the propagation of the electromagnetic signals also depends on the surface rough-

ness [27], tunnel size, and geometry [28–30]. Hence, understanding the actual

conditions of the surrounding environment is crucial for accurately evaluating RF-

EMF exposure. Investigating the variability of associated parameters necessitates

extensive repetition of numerical simulations, which can be time-consuming. ML

can be employed to predict SAR and temperature elevation to alleviate the bur-

den of numerical simulations. Various studies have utilised ML models to estimate

RF-EMF exposure in different confined environments [31–33]. Hence, implement-

ing ML models to estimate RF-EMF exposure in confined environments is crucial,

reducing the computation time and resources required for conventional simulation

software. The main research question addressed in this research is: What are

the implications of wearable devices’ exposure to human health in high

ambient temperatures and prolonged usage in underground mines? To

answer the main research question, the following sub-research questions need to

be addressed:

• What is the effect of wearable devices on SAR in the human body?

• How does the structure of the underground mine alter the SAR in the human

body?
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• How does temperature elevation in the body tissues co-relate to the RF-

EMF exposure of wearable devices in high ambient temperatures of the un-

derground mine?

• How does prolonged exposure to the wearable device impact the temperature

elevation in body tissues at the high ambient temperature?

• How can ML techniques estimate SAR and temperature elevation in body

tissues due to wearable devices?

1.6 Objectives of the Research

The following are the objectives of the research:

• Objective 1: Evaluation of SAR in the human body for wearable devices

– The characteristics of wearable devices associated with RF-EMF expo-

sure are essential. Therefore, the SAR will be evaluated by modelling

the actual wearable devices.

• Objective 2: Evaluation of SAR for wearable devices considering real under-

ground mine environment

– The reflections due to the confined environment of the underground

mine can alter miners’ exposure to RF-EMF. Therefore, the actual un-

derground mine structure will be considered using laser scanner tech-

nology available at the Sibanye-Stillwater Digital Mining (DigiMine)

Laboratory.

• Objective 3: Assessment of temperature elevation in body tissues exposed to

the wearable device under high ambient temperatures of underground mine

– The body’s temperature varies depending on the temperature of the

surrounding environment, and RF-EMF exposure in such environments

can introduce additional thermal load on the body tissues. Therefore,
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it is crucial to investigate the temperature elevation of tissues due to

exposure to the wearable device in high temperatures of underground

mines.

• Objective 4: Effect of prolonged exposure to the wearable device on temper-

ature elevation in tissues

– Continuous exposure to RF-EMF can elevate the temperature of the

exposed tissues for a prolonged duration. In underground mines, wear-

able devices are usually used for the whole work shift. Therefore, study-

ing the temperature elevation in tissues when the body is exposed to

RF-EMF for an extended time in a high temperature and confined en-

vironment is critical.

• Objective 5: Implementation of different ML techniques to estimate SAR

and temperature elevation in tissues

– Numerical simulations and dosimetric measurements are time-consuming

and require more resources to evaluate human body exposure to RF-

EMF. Therefore, different ML techniques will be implemented to es-

timate the exposure to wearable devices in the different underground

mine environments.

• Objective 6: Recommendations regarding wearable devices’ exposure in high

ambient temperatures and prolonged usage in underground mines

– Recommendations will be provided regarding SAR and temperature el-

evation of tissues on the above findings for different underground mine

environment conditions, different characteristics of the wearable de-

vices, and miners prolonged exposure to RF-EMF.
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1.7 Thesis Outline

In this thesis, Chapter 2 offers background information and a literature review

concerning the critical factors influencing the propagation of electromagnetic sig-

nals in underground mines, wearable devices utilised in these environments, and

dosimetry studies conducted in confined spaces and for ML models. Chapter 3

discusses the research methodology, and the step-by-step procedure outlining the

approach taken to achieve the research objectives is provided. It also discusses the

system-level approach employed in the research. In Chapter 4, the investigation

of SAR for wearable device antennas using realistic underground mine structures

is presented, and the results regarding variations in parameters associated with

RF-EMF exposure are discussed. In Chapter 5, temperature elevation in tissues

is investigated for different ambient temperatures of the underground mine, and

results were compared with ICNIRP guidelines. In Chapter 6, supervised machine

learning literature is discussed along with various performance metrics of the ML

models.

Similarly, Chapter 7 delves into implementing ML models for predicting SAR and

temperature elevation in tissue. Chapter 8 presents and discusses the measurement

of RF-EMF in the underground tunnel using a wearable device prototype. Chapter

9 discusses the conclusions drawn from the research findings, along with potential

recommendations for future work.



Chapter 2

Background: Literature Review

This chapter conducted a comprehensive literature review, focusing initially on

wireless communication systems in underground mines to understand their inter-

action with the mine environment and the critical factors involved. Following

this, a review of the literature concerning wearable devices in underground mines

was undertaken to understand common architectures, frequencies, and types of

wearable utilized.

Subsequently, an extensive review of the literature about RF-EMF exposure eval-

uation in confined and free space environments was conducted. This literature

was further classified based on the various research methodologies for assessing

RF-EMF exposure. Through this review, research gaps in the field of RF-EMF

exposure were identified.

Moreover, this chapter includes discussions regarding commercial packages utilized

for the numerical evaluation of RF-EMF exposure in various environments. It

also provides insights into the HFSS numerical software and human body models

utilized in this study, along with a brief overview of ML models.

12
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2.1 Wireless Communication Systems in UndergroundMine

The accomplishment of communication systems ameliorates productivity, health,

and safety in underground mines [34]. The excavation of minerals and ores ad-

vances consistently in underground mines. Therefore, the deployment of commu-

nication systems in excavated areas is significant. In this case, wireless communi-

cation systems have more advantages over wired communication systems owing to

low cost, ease of deployment, mobility, and sustainability. Wireless communica-

tion systems are mainly comprised of the transmission of data through a wireless

medium. However, the unfavourable and hazardous environment of the under-

ground mine complicates the propagation of the wireless signals [35].

In underground mines, the applications of wireless communication systems are

not limited to environmental monitoring parameters (such as gas concentration,

temperature, and humidity), geotechnical parameters (such as rock stress, rock

displacement, and seismic activities), tracking workers’ location and monitoring

their health vitals. Based on the application of wireless communication systems in

underground mines, wireless communication systems can be divided into different

categories, such as through-the-earth (TTE) systems, leaky feeder systems, wire-

less sensor network (WSN) systems, and ultra-wideband (UWB) systems. TTE

systems operate at low frequencies and have large loop antenna systems on the

surface to transmit a signal through the earth medium to the receiver integrated

into cap lamps [36]. It provides alarming messages and tracking of the miners. In

South Africa, the first TTE system was deployed in gold mines in 1946 [37]. At

the same time, WSN systems communicate through Wi-Fi (IEEE 802.11), Blue-

tooth (IEEE 802.15.1), ZigBee (IEEE 802.15.4), and RFID technologies for short

to medium-range communication [38] based on the application. UWB systems

usually have wide bandwidth with low power and narrow pulses. These systems

are usually used for tracking and location application in underground mines and

provide more accurate measurement between transmitter and receiver [39].
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2.1.1 Wireless Propagation in Underground Mine

Table 2.1 summarize the studies focused on the propagation of the EM signal

in the underground mine environment. The effect on the propagation of EM

signal for different parameters of the underground mine environment, such as

surface roughness, dust, temperature, humidity, and shape of the tunnel, were

studied [27, 40–42]. It can be concluded that surface roughness, the presence of

dust particles, and the size of the tunnel are significant factors that affect the

propagation of the wireless signals in the underground mine. In addition, the

impact of different characteristics of EM signals such as frequency, orientation

and gain of the antenna, skin depth, attenuation, and position of transmitter and

receiver were also studied in [29, 43–47]. It can be concluded that frequency, the

orientation of the antenna and the position of the transmitter and receiver are

critical for the propagation of the wireless signal in underground mine tunnels.

Most studies focused on industrial, scientific, and medical (ISM) frequency bands

that use a 2.4 GHz frequency.

Table 2.1 shows that environmental factors in real underground mine settings

have a substantial impact on EM signal propagation. Variables such as humidity,

temperature, tunnel geometry, and the presence of machinery introduce unique

propagation challenges that differ significantly from open or typical indoor envi-

ronments. Incorporating these parameters is essential for accurately analysing EM

wave propagation and assessing RF-EMF exposure in these conditions. The varia-

tions in propagation directly affect signal strength and exposure levels experienced

by workers in such confined spaces.

2.1.2 Wearable Wireless Devices in Underground Mines

The health and safety of underground miners primarily rely on real-time monitor-

ing of various activities and health vitals. Different environmental and geotechnical

parameters were monitored through wearable devices for the health and safety of

the miner. WSN techniques are widely employed to monitor various parameters



Table 2.1: List of studies evaluating effects of underground mine environment
on the propagation of EMR

Reference Author Publication Source Considered Parameters of

the Mine Environment

Frequency

Range

Summary

[40] Zhao et al. 2008 IEEE International Sympo-

sium on Knowledge Acquisition and

Modeling Workshop

Surface roughness 0 - 5 GHz

• Propagation loss increases with frequency due to wall roughness.

• In coal mine, frequencies between 0.7 - 2 GHz provide low attenuation.

[43] Cheng 2012a

et al.

Applied Mechanics and Materials Dust, frequency, droplet and

temperature

0 - 3 GHz

• All parameters weaken the propagation of EM waves.

• Attenuation increases with the increase in dust particles and moisture droplets.

[41] Cheng 2012b

et al.

International Journal of Antennas

and Propagation

Humidity, permittivity, con-

ductivity of circular and rect-

angular tunnel walls

0 - 3 GHz

• Tunnel dimensions have negligible effect on propagation in mine at mobile frequencies.

• Humidity in the tunnel has less influence on permittivity.

• Conductivity of the walls mainly depends on the conductivity of the pore water.

[44] Rissafi et al. IEEE Transactions on Antennas

and Propagation

Propagation analysis for

UWB channel in LOS and

NLOS underground mine

galleries

3 - 10 GHz

• Path loss exponents in underground mine galleries were higher than the indoor environ-

ment.

• The omnidirectional antenna offers better signal coverage in NLOS galleries.

• The directional antennas reduce time dispersion and increasing the channel capacity.

[45] Hakem et al. The 8th European Conference on

Antennas and Propagation (EuCAP

2014)

Path loss, outage probability,

delay spread and coherence

bandwidth

2.4 GHz, 5.8 GHz,

and 60 GHz • The communication was better at 2.4 GHz.

• The delay spread values are different from those in the indoor environment.
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[28] El Khaled et

al.

IEEE Antennas and Wireless Prop-

agation Letters

Effect of tunnel dimension on

the path loss exponent

57 GHz - 59 GHz

• The channel capacity was higher for a 70 m gallery than a 40 m gallery.

• The path loss exponent was less for a narrow (70 m) tunnel than a wider (40 m).

• The omnidirectional antennas should be preferred for millimetre wave communication in

underground mines.

[29] Ranjan et al. Wireless Personal Communications Tunnel size, operating fre-

quency, transmitter-receiver

position, and antenna gain.

433 MHz,

915 MHz,

2.4 GHz, and

5.8 GHz

• Size and transmitter-receiver position strongly affect signal propagation.

• Electrical parameters of the tunnel wall and antenna gain have moderate effects.

[30] Hussain et al. Physical Communication Tunnel geometry, antenna

placement, polarization and

directivity

• Tunnel geometry, antenna placement, polarization, directivity, and configuration signifi-

cantly impact the performance of wireless communication systems

[27] Xusheng et al. 2018 IEEE International Confer-

ence on Real-time Computing and

Robotics (RCAR)

Surface roughness, dust parti-

cles, propagation path loss

2.4 GHz

• Attenuation increases with the surface roughness and concentration of dust particles.

[46] Tariq et al. IEEE Access Angular spread of multi-path

signals

60 GHz

• Angular spread decreases along the distance between the transmitter and receiver and

mainly depends on the tunnel’s dimensions.

• Directional antennas with beam steering characteristics are essential for underground mine

communication at 60 GHz.

[47] Issa et al. 2020 IEEE International Sympo-

sium on Antennas and Propagation

and North American Radio Science

Meeting

RSSI, SNR and path loss ex-

ponent

2.4 GHz

• LTE communication provides coverage of 50 m in underground mines.



[49] Bedford et al. IEEE Transactions on Antennas

and Propagation

Hand-held LiDar scanner was

used to model the caves to

study the propagation of EM

signals

2.4 GHz, 5.8 GHz

• A ray tracing method is a good choice for a cave with one bend than multi-bend caves.

• A commercial ray tracing methods have drawbacks due to a lack of background knowledge.

[42] Zheng et al. Journal of Applied Geophysics Dimensions of the tunnel, at-

tenuation factor, dust parti-

cles, and roughness of wall

600 MHz,

900 MHz,

1.8 GHz, 2.4 GHz

• The width-to-height ratio should be considered when roadways are designed.

• Dust particles, the roughness of the wall, and the tilt angle also attenuate the signal in

the roadways.

[50] Zhang et al. IEEE Access Attenuation, skin depth, con-

ductivity and resistivity

3 Hz - 3 kHz

• The VLF (3 - 3kHz) band has a good agreement for propagation in the coal mine.

• Conductivity of ore has a direct relation with the attenuation of the signal.

• Skin depth has inversely relation with attenuation of the signal.
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in underground mines continuously. Wearable devices serve a broad spectrum of

functions beyond environmental monitoring, including gas detection, temperature,

and air quality assessment, as well as vital signs monitoring such as heart rate,

body temperature, breathing, and fatigue levels. Additionally, they are crucial

in tracking miners’ locations and optimizing rescue operations during emergen-

cies [48].

Different wireless technologies have been implemented to develop wearable devices

in underground mines. Table 2.2 summarizes studies on designing wearable devices

for underground mines. Most studies integrate wearables into the miner’s helmet,

which is mandatory for underground miners. The following conclusion was drawn

from the literature:

• Wearable type: Helmet or torso.

• Frequency: 2.4 GHz.

• Circuit board: Arduino platform.

• Antenna type: Whip and PCB antennas.

• Wireless connectivity: Bluetooth and Wi-Fi.

• Only a few studies tested wearable devices in the underground mine envi-

ronment.

2.2 Related EM Quantities and Reference Levels

2.2.1 Specific Absorption Rate

The interaction of RF-EMF with biological tissues is complex, resulting in an

inhomogeneous distribution of absorption within the tissues, even though the inci-

dent RF-EMFs are uniform. Since the distance between the RF-EMF source and

human tissue is typically only a few centimeters, it is important to assess human



Table 2.2: List of different wearable devices developed for underground mines

Reference Author Publication Source Wearable type Antenna type Frequency Monitoring parameters

[51] Minhas et al. IEEE Systems Journal Mobile node carried by

miner

Whip antenna 433 MHz Gas concentration, tracking of the miners, creating

emergency alerts and node failures

[52] Li et al. 2018 IEEE/ACM International Conference on Connected

Health: Applications, Systems and Engineering Technolo-

gies (CHASE)

Helmet Whip antenna

(nrf24101)

2.4 GHz ECG and eye blink sensor

[53] Abro et al. 2018 International Conference on Computing, Electronics &

Communications Engineering (iCCECE)

Jacket PCB (MPIFA) 2.4 GHz Temperature, humidity, pulse rate, gas detection,

pressure, location tracking.

[54] Indra et al. 2018 2nd International Conference on Electronics, Materials

Engineering & Nano-Technology (IEMENTech)

- - 433 MHz Temperature, humidity and pressure.

[55] Kim et al. Applied Sciences Helmet RECON beacon 2.4 GHz Proximity alarm system.

[56] Ramya et al. 2021 International Conference on Design Innovations for 3Cs

Compute Communicate Control (ICDI3C)

Helmet Whip antenna 2.4 GHz Gas, temperature, force and Infra-red sensor.

[57] Suganya et al. Journal of Physics: Conference Series - - 2.4 GHz Different gases and temperature.

[58] Reddy et al. Annals of the Romanian Society for Cell Biology - MIFA (ESP8266) 2.4 GHz Gas, tilt, temperature, and light.

[59] Suganthi et al. Materials Today: Proceedings - PCB antenna 2.4 GHz Gas, acceleration, tilt angle and incline of the tunnel .

[60] Ramya et al. Indo-Iranian Journal of Scientific Research (IIJSR) Helmet Whip antenna 2.4 GHz Gas, temperature, oxygen, opguard camera for fatigue

monitoring.

[61] Baek et al. International journal of environmental research and public

health

Eyeglasses - 2.4 GHz and

5 GHz

personal proximity sensor.

[62] Singh et al. Computer Communications Helmet PCB antenna

(ESP8266)

2.4 GHz Heartbeat, gas, dust, temperature, humidity, flame

and respiratory filter.

[63] Porselvi et al. 2021 3rd International Conference on Signal Processing and

Communication (ICPSC)

- Whip antenna Not speci-

fied (usually

868 MHz,

433 MHz)

smoke, respiratory, heartbeat.

[64] Noorin et al. 2018 3rd IEEE International Conference on Recent Trends

in Electronics, Information & Communication Technology

(RTEICT)

Helmet PCB antenna

(ESP8266)

2.4 GHz Gas, temperature, humidity, collision and helmet de-

tection.
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body exposure in the near field of the RF-EMF source. This assessment involves

measuring the electric field within the human body.

The SAR quantifies the amount of RF energy absorbed in the human body when

exposed to RF-EMF and used as an index term to regulate RF-EMF exposure [4].

It is defined as follows:

SAR =
σ · E2

2ρ
(W/kg) (2.1)

Where σ is the conductivity of the human tissue (S/m), E is the electric field

inside the human body (V/m), and ρ is the density of the tissue exposed (kg/m3).

The SAR is typically used for frequencies ranging from 100 kHz to 10 GHz and

is influenced by various factors, including frequency, geometry, and the dielectric

properties of the tissues exposed to RF-EMF. Additionally, it depends on the

distance between the RF-EMF source and the exposed tissues, the frequency of

operation, input power, antenna polarization and orientation, as well as other

environmental parameters related to RF-EMF exposure.

The SAR is averaged over a mass of 10 g, 1 g, or any custom tissue value. The

SAR average over 10 g of tissue is referred to as SAR10g, whereas for 1 g of the

tissue, it is referred to as SAR1g. The ICNIRP guidelines considered SAR10g to

provide basic restrictions of RF-EMF exposure [4]. Other important terms related

to SAR include peak spatial-average SAR (psSAR) and whole body average SAR

(SARwb. Peak spatial average SAR represents the maximum average SAR value in

the tissue considered for RF exposure based on the specific average volume. The

whole body average is defined as the energy absorbed in the body divided by its

total mass and denoted as SARwb.

2.2.2 Temperature Elevation in the Human Tissues

In recent decades, there has been significant progress in understanding biological

processes and improving our knowledge of the thermal properties of human tissues.
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These advancements have contributed significantly to investigations into heat and

mass transfer applications.

The bioheat transfer phenomenon has gained prominence in diagnosing the effects

of RF-EMF exposure on human tissues. Advances in computational techniques

and mathematical modelling has leveraged the researcher’s ability to analyze the

bioheat equation for temperature elevation due to RF-EMF exposure. Collabora-

tion among multidisciplinary researchers, including medical professionals, physi-

cians, and engineers, has propelled advancements in bioheat transfer. The funda-

mental aspects of the bioheat transfer equation are described below.

2.2.3 Fundamental Aspects of Bioheat Transfer

The thermoregulation system of the human body can maintain a core temperature

near 37◦ C during thermal stress for a wide range of environmental conditions, such

as high-temperature conditions. The blood flow rate varies depending on the needs

and activities of the human body.

Blood plays a dual role in balancing thermal energy as a thermoregulation re-

sponse; it can act as either a heat source or a heat sink. For instance, in win-

ter, blood circulation from the heart to other organs increases to facilitate body

warming. Researchers shown that the human body typically rises 12◦ C in 1 hour

without losing heat by blood flow during exercise. The blood perfusion rate is the

amount of blood supplied to a specific tissue region per minute per 100 g of tissues.

It also represents the need for nutrients in a specific tissue area. Heat dissipation

is also associated with a high blood perfusion rate during exercise and thermal

stress. Hence, comprehending the thermal characteristics of biological tissues is

crucial for understanding the heat transfer mechanisms within the body. It has

gained significant importance with the rising exposure to RF-EMF at a wide range

of wireless communication frequencies among individuals.
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Temperature distributions in different human body tissues can be determined by

solving the bioheat transfer equation, which includes blood perfusion, heat con-

duction, and external heating. The SAR distribution induced by RF-EMF or other

external heating sources should be determined first to solve the bioheat equation.

Then, all the calculations, initial conditions, and appropriate boundary conditions

allow for calculating the temperature distribution.

2.2.4 Pennes Model of the Bioheat Equation (BHE)

The temperature distribution in the human tissues is calculated using the bioheat

equation proposed by Pennes [65]. A series of experiments were conducted to

measure the temperature distribution in nine subjects as a function of the radial

position of the arm by maintaining the thermal equilibrium. Pennes proposed

a model to characterize blood perfusion and metabolism within the tissue. The

standard thermal diffusion equation with blood perfusion and RF-EMF heating is

represented as [66]:

C(r)ρ(r)
∂T (r, t)

∂t
= ∇.(K(r)∇T (r, t)) + ρ(r)SAR(r) + Q(r, t)

−B(r, t)(T (r, t) − TB(r, t))

(2.2)

Where C is the specific heat of the tissue, T is the temperature of the tissue,

TB is blood temperature, B is associated with blood perfusion, K is the thermal

conductivity of the tissue, Q is the metabolic heat generation, ρ is the density of

the tissue, SAR represents the specific absorption rate, and r and t represent the

position and time.

The temperature elevation due to wearable antennas can be considered insufficient

to activate the thermoregulation response, i.e., activation of sweating and increase

in the blood flow rate [66]. However, the working conditions of the underground

miner in higher temperatures and sweating conditions can elevate the temperature

distributions in the tissue. Therefore, it is crucial to examine the temperature
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distribution in the high-temperature environments where miners often work for

over eight hours per shift.

2.2.5 RF Exposure Restrictions and Reference Levels

International and National organizations regulate RF-EMF exposure to the pop-

ulation using the World Health Organization (WHO) recommendations. The fol-

lowing well-known international organizations developed the norms to limit the

exposure that is currently applied:

• International Commission on Non-Ionizing Radiation Protection (ICNIRP).

• Federal Communication Commission (FCC).

• Institute of Electrical and Electronic Engineers (IEEE).

• International Electro-technical Commission (IEC).

• European Committee for Electro-technical Standardization (CENELEC)

The safety limits secure the minimum harmful level of RF-EMF exposure according

to scientific data and are updated every ten years. Different reduction factors are

applied for the general public and occupational safety. A significant safety margin

(50-fold) was implemented for the basic restriction of SAR. According to the basic

restrictions reported by ICNIRP [4] in 2020, for the general public, the safety

distance from the transmitting antenna was defined as 75 cm in [67], and 1 m

in [68].

Experimental studies demonstrated that at the frequency range of 100 kHz -

6 GHz, an average whole-body SAR of 6 W/kg for 1 hour induces 1◦ C evaluation

in temperature. Therefore, in the 2020 guidelines of ICNIRP [4], the minimum

exposure level that induces 1◦ C of elevation in temperature is a whole-body SAR

of 4 W/kg for 30 minutes of exposure at the frequency mentioned earlier. The
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basic restrictions provided by ICNIRP have been summarized for SAR and tem-

perature rise in Table 2.3 for the general public’s uncontrolled environment and

the occupational workers’ controlled environment with their respective reduction

factors. The whole-body SAR limits were set at 0.4 W/kg and 0.08 W/kg for

occupational and general public exposure, respectively. Similarly, the safety limits

for the head and torso were also described for different ranges of frequencies. In

addition, ICNIRP introduces the reduction margin by 10 and 2 factors for the gen-

eral public and occupational exposure, respectively. The reference level for electric

and magnetic field strength was also summarized in Table 2.4 for occupational and

general public exposure.

Table 2.3: Basic restrictions prescribed by ICNIRP for 100 kHz to 300 GHz [3]

100 kHz - 300 GHz 100 kHz - 6 GHz 6 - 30 GHz 30 - 300 GHz

SARWBA Head &
Torso

Limbs Head and Torso, Limbs

∆ T after 30 min ∆ T after 6 min ∆ T after 6 min

1◦C 2◦C 5◦C 5◦C

SARWBA

averaged over
30 min

SAR 10g
averaged over 6 min

PD
4 cm2

PD
1 cm2

4 W/kg 20 W/kg 40 W/kg 200
W/m2

400
W/m2

OC GP OC GP OC GP OC GP OC GP

Safety reduction factors

10 50 2 10 2 10 2 10 2 10

SARWBA

averaged over
30 min

SAR10g

averaged over 6
min

PD averaged over 6 min

0.4
W/kg

0.08
W/kg

10
W/kg

2
W/kg

20
W/kg

4
W/kg

100
W/m2

20
W/m2

200
W/m2

40
W/m2

WBA: whole body average PD: power density OC: Occupational, GP: General public
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Table 2.4: Reference levels of electric and magnetic fields strengths prescribed
by ICNIRP [3]

Reference
Levels

Frequency Electric field
strength (V/m)

Magnetic field
strength (A/m)

General public
0.4 - 2 GHz 1.375 ×f 0.5 0.0037 ×f 0.5

2-300 GHz 61 0.16

Occupational
0.4 - 2 GHz 3 ×f 0.5 0.008 ×f 0.5

2-300 GHz 137 0.36

2.2.6 RF Exposure Restriction for Underground Mines

The ICNIRP identifies RF-EMF exposure into two tiers: occupational and general

public exposure. Occupationally exposed individuals are exposed under controlled

conditions with their respective occupational duties, trained to be aware of RF

exposure risks and to employ mitigation measures. The general public is considered

individuals of all ages and health statuses without knowledge and control over

their exposure to RF-EM fields. Different exposure restrictions have been shown

in Table 2.3 and Table 2.4. Similarly, in IEEE standard [69], the exposure limits

are divided into two tiers: unrestricted and restricted environments. If the dose

limits of the unrestricted environment are exceeded, RF safety training is required

for the individuals to implement the dose limit of the restricted environment.

In underground mines, workers typically lack protective equipment and receive

no RF safety training. Although underground mine environments are classified

as occupational, according to ICNIRP, underground mines fall into the general

public category when it comes to RF-EMF exposure. In [10], results suggested

that RF-EMF exposure levels in underground settings were lower than in general

public environments. Nevertheless, it is crucial to implement basic restrictions for

worker safety based on current guidelines [4]. Additionally, assessing the long-term

RF-EMF exposure experienced by miners requires further investigation.
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2.3 Classification of Studies Concerning RF-EMF Expo-

sure Evaluation

The increasing use of wireless communication has heightened human exposure to

RF-EMF, prompting researchers from various fields to assess its potential health

implications. Different research methodologies have been employed, tailored to

the disciplines involved. For instance, medical researchers conducted experiments

on tissues to observe RF-EMF impacts under various conditions. Social science

researchers utilized methodologies such as questionnaires and interviews. Mean-

while, engineering researchers utilized numerical simulations and standard SAR

measurements to evaluate RF-EMF exposure, comparing it with existing regula-

tory thresholds. Looking at the diverse methodologies used to assess RF-EMF

exposure, they can be classified based on the methods employed, as depicted in

Figure 2.1.

Health Effects and Assessment of 

Electromagnetic Radiations Exposure

Engineering 

Approach

Medical 

Approach 

Numerical 

Simulation 

Evaluation

Experimental 

Evaluation

Machine 

Learning  

Evaluation 

In-vitro 

Evaluation

In-vivo 

Evaluation

Standard 

SAR 

Dosimetry

Using custom 

phantoms and 

tissues 

Using Exposure 

meters 

(Exposimeter)

Surveys

SAR compliance for different 

applications and scenarios 

Temperature Elevation 

in the tissues

SAM/ single layer 

phantom

Multi-layer voxel 

models

Questionnaires

Using different 

live tissues

Using different animals 

to predict changes

Prediction of exposure 

based on exposimeter 

results

Using image processing 

to predict change in the 

tissues

E
v

a
lu

a
ti

o
n

 o
f 

d
if

fe
r
en

t 
p

a
r
a
m

e
te

r
s

D
iv

is
io

n
 

b
a

se
d

 o
n

 f
ie

ld
 

o
f 

r
es

e
a
r
ch

D
iv

is
io

n
 b

a
se

d
 

o
n

 M
et

h
o

d
o

lo
g

y
O

b
je

ct
iv

e

Figure 2.1: Classification of methodologies for evaluating RF-EMF exposure
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Various studies explore human exposure to RF-EMF, focusing on physical quan-

tities such as electric field strength (measured in volts per meter, V/m), mag-

netic field strength (measured in amperes per meter, A/m), and power densities

(W/m2) [70–73], and temperature elevation [74,75]. This type of research is spec-

ified as RF Dosimetry, and associated quantities are referred to as dosimetry

quantities. The studies use numerical simulation to investigate the exposure, re-

ferred to as numerical dosimetry. In contrast, the studies focus on measuring

dosimetry quantities, referred to as RF exposure assessment [76]. RF Epidemi-

ology statistically correlates human exposure to health effects by evaluating In-

Vitro or In-Vivo RF exposures [77–79]. It also relies on dosimetry to obtain reliable

results of dose-response [80,81].

2.3.1 Literature of RF-EMF Exposure in Confined Envi-

ronment

Different studies focused on determining exposure in enclosed environments such

as in rooms, shopping malls, along corridors, offices, schools, universities, hospitals,

trains, inside electric cars, elevators, and enclosed capsule environments [82–95].

Some studies solely discuss RF-EMF exposure in indoor or confined environments

without comparing it to free-space conditions. Comparing exposure levels between

confined and free-space environments under similar conditions is imperative to gain

a comprehensive understanding of RF-EMF exposure in confined environments.

Many studies used exposimeter to measure RF-EMF exposure in indoor and con-

fined spaces. However, accessing underground mine tunnel areas for such measure-

ments poses significant challenges. As a result, numerical simulations have been

employed to investigate RF-EMF exposure from mobile phones and Wi-Fi devices

in various enclosed environments [89, 96, 97]. Table 2.5 summarizes the studies

that evaluate RF-EMF exposure in different enclosed environments for different

exposure settings and methodologies. Similarly, Table 2.6 summarizes the studies

that evaluated RF-EMF exposure regarding temperature elevation in tissues.
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In [82], ExpoM-RF was used to measure exposure in different areas of Seoul for

14 RF bands using children, fathers, and mothers. The body shadowing increases

the exposure by 1.4 times, essential for accurate exposure measurements. The

downlink is the major contributor to the exposure, and Wi-Fi is the major in all

the frequencies. The exposure was higher in the metro, followed by foot/bicycle,

bus/ car. It was also higher for a base station in South Korea than reported in the

European countries. Similarly, the RF-EMF exposure was higher for the higher

number of beams and high data rate in the transmission of MIMO communication

[90]. In [91] , the outdoor exposure, 61% exposure is from FM broadcasting

antennas, and 39% contribution is from mobile communication antennas whereas,

in the case of indoor exposure, 89.1% contribution is from FM band and 10.5% from

mobile telephony band and 0.4% is from Wi-Fi. During different days and hours,

the variation in the electric field was between 0.27 dB and 2.26 dB in different

frequency bands. The spatial distribution between indoors and outdoors was 3 dB

to 7 dB. In [92], three hundred locations inside the campus were considered for

indoor and outdoor measurements. The measured power density of the outdoor

station is ¡1% of its threshold. The power density at the indoor base station

reached 16% of the allowed limit, while for Wi-Fi, it remained below 1% of the

permissible power density.

In [93], it was concluded that Wearing the glasses reduced the electric field value by

a factor of four compared to not wearing them. The aluminium frame of the glasses

serves as a shield, further reducing RF-EMF exposure. However, despite these

measures, the electric field value in the tissues remained above the recommended

threshold. The RF-EMF exposure was analysed in the capsule environment [94].

The signal distribution should be well estimated and mainly depend on the distance

from the transmitter. No adverse health effects from using these devices in such a

capsule environment were found. This study has limitations, notably the use of a

simple phantom model that restricts the evaluation of exposure to different tissues.

Additionally, the study did not assess long-term exposure effects. Similarly, in

[95], the RF-EMF exposure values were higher for cellular communication and

increased linearly with floor levels. However, the exposure levels are below the
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legislated limits. A plane wave exposure at 1.5 GHz with a custom phantom was

used to evaluate the exposure in the indoor environment [96]. The room was

modelled using loamy and concrete materials using the CST material library. The

results were lower than the prescribed safety levels. The exposure in different

tissues was not evaluated, and no comparison was provided for free space and

indoor environment. A metal pin, spectacles, and ring metal jewellery was used to

analyse the impact of different distances between the dipole antenna and metallic

objects [26]. It was suggested that all shapes of metals increase the SAR and

temperature in the head tissues. The distance and length of the metal pin can

increase and decrease the absorption in the head. The presence of a spectacles lens

decreases the SAR in the eyeball. However, it increases the absorption around the

skin near the spectacles. Two different human body positions were analysed for

a model placed inside a permanent magnet guide rail [97]. The exposure mainly

depends on the distance between the human body and the guided rail. The hotspot

of the exposure was in the foot of the passenger.

In [98], the body-worn exposimeter lowers the RF-EMF exposure level due to the

shielding of the body in different micro-environments of Belgium, Spain, France,

Netherlands and Switzerland. The downlink is the major contributor to the RF-

EMF exposure. The study has several limitations, including the time-consuming

process of re-calibrating the device after each measurement, the weight of the

body-worn device, and variations in frequency bands among exposure meters,

which impedes direct comparison. In [99], the exposure to electric, magnetic and

electromagnetic fields has exceeded their limits in many cases, not only for the

worst-case simulation scenario. Electric field and magnetic flux density were in

the range during measurements, and additional protection was required. The

magnetic flux was higher on the surface of the current cables. Expanding the

distance with the nominal power of the transformer enhances protection.

In [10], the SAR was higher in all underground mine environments compared to

free space, but it was maximum in the presence of a metal arch. The SAR was

higher in the head than the torso and head with the helmet. A safety helmet

mitigates the exposure when a wearable device is mounted on the outside layer.
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The SAR values were lower than the prescribed limits of ICNIRP and IEEE for

all simulation scenarios. In [100], the downlink and broadcast, followed by uplink

and Wi-Fi, were the main sources of RF-EMF personal exposure. Furthermore,

personal RF-EMF exposure varied by the days of the week and during different

time slots over the day. However, the measurements suggested that all personal

RF-EMF exposure levels were substantially below the ICNIRP guideline limits for

the general public. Similarly, in [101], the risk and exposure perceptions of people

was compared related to RF-EMF associated with mobile phone base stations, as a

function of different information provided (basic text, precautionary information,

or personal RF-EMF exposure measurement) to the participants. A total of 383

individuals were recruited and divided into different categories. The findings in-

dicated that individuals with basic knowledge and those provided with RF-EMF

exposure data did not exhibit significantly different risk perceptions regarding

RF-EMF exposure. In [102], the RF-EMF exposure of employees in libraries was

assessed for Wi-Fi frequencies. The occupational exposure is close to the general

population on average. The exposure was higher for Walkie-Talkie, and outside

exposure depends on the geographic location of the source. The RF-EMF expo-

sure was lower than occupational exposure limits for Wi-Fi, whereas indoor Wi-Fi

was 10 times lower than the ICNIRP Limits.

A high level of RF-EMF exposure inside the apartment due to the presence of

nearby base stations were measured in Sweden [103]. The results indicated that

the apartment was unsuitable for long-term living based on current knowledge

of the potential adverse effects of RF-EMF. Similarly, in another study, four

EME SPY 140 exposimeters were used to evaluate RF-EMF exposure in Albacete

(Spain) [104]. The level of RF-EMF exposure in 14 micro-environments was lower

than ICNIRP limits. The major contribution of the exposure was from DECT

communication, followed by mobile phone and Wi-Fi. The exposure was higher

on Sunday compared to other days. Similarly, the exposure during the day was

higher than in the night. However, the study was conducted from 2010 to 2014,

may have limitations due to the dynamic nature of exposure frequencies in today’s

environment. The RF-EMF exposure by a base station in Leuven, Belgium was
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analysed using a spectrum analyser at different locations and times during the

day [105]. All measurements were below ICNIRP limits. The overall exposure

was 0.64 V/m in outdoor environments, and for indoor, it was 0.32 V/m. Thus,

outdoor exposure was higher by a factor of two than indoor.

In [106], the RF-EMF exposure of the pedestrian in a vehicle-to-vehicle (V2V)

outdoor exposure was investigated numerically. Five scenarios were investigated

near the car with two antennas mounted on the car, one on the back and a second

on the front with a tilted direction. For all cases, the exposure value was less than

the thresholds, but the front orientation of the antenna always yielded higher RF-

EMF exposure than the back antenna. The skin was the most affected tissue

due to the exposure. In another study, the RF-EMF exposure of Wi-Fi signals

were measured using an exposimeter EME SPY 140 in the School of Spain [107].

The exposure was measured for indoor and outdoor environments, suggesting that

on the weekend, the exposure was higher outside the building, which shows that

the Wi-Fi exposure contribution was from neighbour’s Wi-Fi, whereas during the

weekdays, the exposure was higher inside the building, but was below the levels

for both scenarios.

In [108] , the RF-EMF exposure was simulated for low frequencies with a virtual

human body model standing partially outside a vehicle. The vehicle was mod-

elled as a replica, and the monopole RF antenna was modelled at 16 MHz with

transmit power of 25 W. The study investigated four scenarios to assess electric

field exposure: A) without the human body, B) with the operator present, C) with

the operator wearing a helmet, and D) with the operator wearing a helmet and

using a cabled handset. Results indicated that while most areas complied with

electric field limits, localized regions exceeded thresholds in scenario A. With the

operator present, the induced electric field within the body reached 12 V/m. In

scenario C, the induced electric field within the head increased by 10% compared

to scenario B. In scenario D, slight increases in electric field and SAR near the

ears were observed but remained within safety limits. Another study investigated

the RF-EMF exposure in the office space in the New York City using electrosmog

meter Cornet [109]. The results suggested that the break room has less exposure
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due to fewer devices; at the entry and reception area, exposure was higher due

to the close presence of the router, and a medium level of RF-EMF exposure was

found in the remaining areas of the office. It is recommended that the minimum

distance in an office space between any worker and the Wi-Fi router may not be

less than 22 feet. In another study, the low-frequency magnetic field exposure

of the subway train was evaluated for different exposure materials and RF-EMF

shielding [110]. The exposure on the human body for different distances was also

calculated. The magnetic flux in the train depends on the different materials,

windows, and shielding layers. The magnetic flux for aluminium alloy was 6.3% of

ICNIRP, 5.8% for CFRP carbon fibre material, and 5.4% in the case of stainless

steel.

Similarly, in [111], the RF-EMF exposure level of Wi-Fi 2G and 5G band in Mexico

were assessed. The main source of exposure was the 2.4 GHz Wi-Fi band which

was below ICNIRP limits. According to the results of risk perception surveys, the

Tamazunchale (Mexico) population was worried about the situation in comparison

with several European populations, but their perception changed when they were

informed about the results of the study. The exposure was higher during the day,

and in the schools and the workspace.

In [31], eighteen head models were developed using a fast machine-learning (Cond-

Net, CNN) approach, and variation in antenna performance was evaluated. The

SAR, impedance, and return loss showed large variations compared to directivity

and radiation patterns. In another study, a deep learning-based method was used

to determine electromagnetic wave absorption in the human body [112]. The CNN

was trained using the data obtained from finite-difference time-domain analyses

at 3.5 GHz; the method accurately predicts average and maximum power density

in various regions of the human head. In [32], a cluster analysis approach was

applied to exposure measurements. The clusters were identified as children with

high exposure living 120-200 m from 225 kV/ 400 kV overhead lines and mid-to-

low exposure living 40 m from 400 V/ 20 kV substations. Similarly, a clustering

algorithm was applied on the measured RF-EMF exposure data in 205 schools

in Greece in the range of 27 MHz - 3 GHz [33]. The results showed no specific
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pattern in total RF-EMF strength, whereas exposure was at least 3500 times less

than in 97.5% of schools, and only 2.5% schools had exposure less than 500 times.

In [113], a low-frequency RF-EMF was measured in the building inside the campus

and different ML techniques were applied to estimate the exposure. The results

suggested that 99% of the success rate was obtained for user data, and values of

explained variance and R-squared were close to 1.0, showing that the model makes

good predictions.

In [114], a CNN model was trained to learn a surrogate SAR model to find the

relation between MRI images and local SAR. After training, the model predicts

the SAR in milliseconds. In silico and in vivo validation has a good qualitative

and quantitative match of predicted local SAR. Similarly, the SAR maps from 3T

and 7T simulated MR images using CNNs for real-time SAR estimation in MRI

were studied [115]. Various 2-D U-Net architectures were evaluated on realistic

body models, achieving promising results. The proposed approach predicts SAR

maps for 224 × 224 slices in under 30 ms, showing potential for real-time SAR

prediction in clinical MRI settings without additional techniques or patient-specific

calibrations. In [116], brain images were used to extract the change due to RF-

EMF exposure using Ml techniques. The SVM method provides more accuracy

than other ML classifiers. It provides the prediction extracting the brain image

were almost 1.8 and .20 s, which is suitable for practical applications.

2.4 Conclusion of Literature

Table 2.1 concluded that the studies investigated the effect of different under-

ground mine environment parameters on the propagation of EMR. It can be sum-

marized that tunnel size, surface roughness, the concentration of dust particles,

material, and frequency of EM signal are important factors influencing the propa-

gation in the underground mine environment. The attenuation primarily relies on

the loss profile of underground mine tunnels. Therefore, it is essential to incorpo-

rate actual underground mine environments and conditions to evaluate RF-EMF

exposure in these settings.



Table 2.5: List of studies evaluating RF-EMF exposure in confined environ-
ments

Confined Environment Literature (Simulation and Measurement)

Reference Author Publication Source Parameter Methodology Exposimeter/ Software Area of study Country

[82] Choi et al. Science of the Total Environment Power density Measurements ExpoM-RF Seoul, Cheonan, & Ulsan South Korea

[90] Loh et al. 2021 15th European Conference on Antennas

and Propagation (EuCAP)

Electric field Measurement Testbed and triaxial isotropic

field probe, Agos ARIA-6000

The University of Surrey United Kingdom

[91] Paniagua et al. Environmental research Electric field Measurement EME SPY 200 Inside and outside dwelling (build-

ings, flat & house)

Spain

[92] Keshmiri et al. Radiation Protection Dosimetry Electric field & power

density

Measurement Probe WPF18 connected to

SMP

Campus area of Ferdowsi University

of Mashhad

Iran

[93] Jovanović et

al.

Safety Engineering Electric field and

SAR

Simulation CST software - -

[94] Harris et al. 2020 Wireless Telecommunications Sympo-

sium (WTS)

Electric field and

SAR

Simulation Sim4life Enclosed cylindrical capsule -

[95] Moraitis et al. 2020 14th European Conference on Antennas

and Propagation (EuCAP)

Electric field and

power density

Measurement SRM-3000 by Narda Eight-floor building Greece

[96] Bejenaru et al. 2020 International Conference and Exposi-

tion on Electrical And Power Engineering

(EPE)

SAR Simulation CST software Indoor room -

[26] Bhargava et al. Case Studies in Thermal Engineering SAR and Tempera-

ture elevation

Simulation COMSOL Multiphysics Metallic object -

[98] Huss et al. Environment International Power density Measurement Novel body-worn distributed

meter, ExpoM-RF and EM-

Spy 200

Different countries Belgium, Spain,

France, Nether-

lands and

Switzerland.

[97] Lieli et al. IOP Conference Series: Earth and Environ-

mental Science

Electric and magnetic

field

Simulation COMSOL software Electric Train -

[99] Göcsei et al. Journal of Electrostatics Electric and magnetic

field

Simulation &

measurement

COMSOl multiPhysics and

EverTech EMDEX II

Industry Hungary

34



[117] Cerezci et al. Radiation Protection Dosimetry Electric and magnetic

field

Measurements ELT-400 and HOLADAY

3060, Narda 550 field meter

and SRM 3006 spectrum

analyzer

Indoor environment Turkey

[10] Ashraf et al. Radiation Protection Dosimetry SAR Simulation CST software Underground mine -

[100] Zeleke 2018 et

al.

International Journal of Environmental Re-

search and Public Health

Electric field Measurement ExpoM-RF Residential, school and office Australia

[101] Zeleke 2019 et

al.

International Journal of Environmental Re-

search and Public Health

Electric field Measurement Questionnaire and ExpoM-

RF

Residence near the mobile base sta-

tion in the metropolitan areas of

Melbourne

Australia

[102] Massardier-

Pilonchery et

al.

International Journal of Environmental Re-

search and Public Health

Electric field Measurement EME SPY 200 Libraries and Media Libraries France

[103] Hardell et al. Oncology Letters Power density Measurement EME SPY 200 Rooms of the apartment Sweden

[104] Ramirez-

Vazquez et

al.

Environmental research Power density Measurement EME SPY 140 Different 14 micro-environments

such as buildings, shopping malls,

hospitals, schools, universities,

home offices and in the public

transport

Spain

[105] Iyare et al. Environmental research Electric field Measurement Dipole antenna and spectrum

analyzer

City centre of Leuven Belgium

[118] Mannan et al. Energy Reports Electric field, mag-

netic field and power

density

Measurement HF-B3G (RF meter) Residential, hospital, office, and

school and entertainment centres in-

side Qatar Foundation

Qatar

[106] Benini et al. Sensors SAR FDTD simulation Sim4Life Vehicle

[107] Ramirez-

Vazquez et

al.

IEEE Access Power density Measurement EME SPY 140 Inside and outside a school Spain

[108] Colella et al. Frontiers in Public Health Electric field and

SAR

FDTD simulation Sim4Life Military vehicle

[119] Colella et al. 2022 Microwave Mediterranean Symposium

(MMS)

Electric field FDTD simulation Sim4Life Military vehicle -



[109] Wafik et al. Journal of Al-Azhar University Engineering

Sector

Volt/meter and

µTesla

Measurement Electrosmog meter Cornet Inside Office of the building, New

York

USA

[120] Kapetanakis et

al.

Applied Sciences Electric field Measurement NARDA SRM-3006 Inside schools Greece

[121] Psenakova et

al.

2019 IEEE 20th International Conference on

Computational Problems of Electrical Engi-

neering (CPEE)

SAR FIT simulation CST software Inside shielded space

[122] Chiaramello et

al.

IEEE Journal of Electromagnetics, RF and

Microwaves in Medicine and Biology

Electric field Simulation WiCa Heuristic Indoor Prop-

agation Prediction (WHIPP)

Residential -

[110] Wang et al. Progress in Electromagnetics Research M Magnetic flux and

SAR

MoM and FIT

simulation

FEKO and CST Subway vehicle -

[123] Bustillo et al. Journal of Physics: Conference Series Average power den-

sity

Measurement NARDA SRM-3000 Philippine General Hospital (PGH) Philippine

[124] Celaya-Echarri

et al.

IEEE Access Electric field Simulation and

Measurement

EME SPY 121 and 3D-Ray

Launching algorithm using

Matlab

Urban transport busses -

[125] Celaya-Echarri

et al.

IEEE Access Electric field Simulation and

Measurement

3D Ray Launching simula-

tion, EME SPY EVO and

EME SPY 200

Shopping malls Poland

[126] Celaya-Echarri

et al.

IEEE Access Power density Simulation and

Measurement

EME SPY Evolution and 3D

ray tracing technique

Aircraft cabin -

[127] Mart́ınez-

González et

al.

Environmental Research Electric field Measurement NARDA NBM-550 broad-

band field meter and isotropic

NARDA EF0691 E-field

probe

Library reading room Spain

[83] Karpowicz et

al.

2018 International Symposium on Electro-

magnetic Compatibility (EMC EUROPE)

Electric field strength Measurements EME SPY 200 Shopping malls, offices, schools, li-

braries, and public transport facili-

ties

-

[128] Onishi et al. International Journal of Environmental Re-

search and Public Health

Electric field Measurement Spectrum analyser and SRM-

3006 NARDA

Outdoor and underground shopping

malls

Japan



[111] Ramirez-

Vazquez et

al.

International Journal of Environmental Re-

search and Public Health

Power density Measurement EME SPY 140 Exposure of 63 volunteers from

home, workplace, outside, schools,

travel, and shopping

Mexico

[84] Sagar et al. Environment international Electric field strength

& power density

Measurement ExpoM-RF and EME-Spy 201 94 selected environments Switzerland,

Ethiopia, Nepal,

South Africa,

Australia and

United States of

America

[85] Smondrk et al. 19th International Conference Computa-

tional Problems of Electrical Engineering

SAR FIT simulation CST software - -

[86] Michalowska

et al.

2018 IEEE 4th International Symposium

on Wireless Systems within the Interna-

tional Conferences on Intelligent Data Ac-

quisition and Advanced Computing Systems

(IDAACS-SWS)

Electric field Measurement ESM-140 Industry -

[87] Sen et al. 2018 International Conference on Innovation

in Engineering and Technology (ICIET)

Electric field, pene-

tration depth and ab-

sorbed power

Measurement Anechoic chamber with tis-

sues (goat)

Metallic chamber and free space -

[88] Kljajic et al. 2018 26th Telecommunications Forum

(TELFOR)

Electric field, global

exposure ratio (GER)

Measurement NARDA NBM-550 Campus area of University of Novi

Sad

Serbia

[89] Bejenaru et al. 24th IMEKO TC4 International Symposium

Electrical & Electronic Measurements Pro-

mote Inudstry

SAR FIT simulation CST software - -

Machine Learning Literature

Reference Author Publication Source Parameter Methodology Machine Learning Models Area of study Country

[31] Diao et al. IEEE Access SAR Simulation CNN Eighteen head models -

[112] Di Barba et al. Sensors Power density Simulation CNN - -

[32] Tognola et al. International Journal of Environmental Re-

search and Public Health

Magnetic field Measurement Cluster analysis Indoor (schools) -

[33] Kiouvrekis et

al.

Electric field inten-

sity

Measurement Clustering algorithm Schools Greece



[113] Pala et al. 2017 XIIIth International Conference on Per-

spective Technologies and Methods in MEMS

Design (MEMSTECH)

Electric field Measurement Linear regression, Gradient

Descent (GD) algorithm and

ridge regression models

Campus building Turkey

[114] Meliadò et al. Magnetic Resonance in Medicine SAR MRI images CNN - -

[129] Maurya et al. Medical & Biological Engineering & Comput-

ing

Power density Measurement and

Brain images

Naive Bayes, SVM, Neural

Net and Random Forest

- -

[115] Gokyar et al. IEEE Access SAR - CNN MRI -

[116] Gothai et al. Computer System Science Engineering Power density Brain images SVM, Naive Bayes, Artificial

Neural Network and Unsys-

tematic forest

- -



Table 2.6: List of studies evaluating RF-EMF exposure in term of temperature
elevation in tissues

Reference Author Publication Source Parameter Method Objective Summary

[130] Kodera et al. IEEE Access SAR and Temper-

ature

Simulation Relation between SAR

and temperature rise

The time duration of RF-EMF exposure is critical for SAR restric-

tion.

[131] Lwin et al. 2018 IEEE 7th Global Conference

on Consumer Electronics (GCCE)

SAR and Temper-

ature

FDTD simulation Temperature rise in

Brain tissues

The exposure was higher in the TE case than in the TM wave.

The exposure also depends on the distance from the RF source.

[24] Moore et al. IEEE Transactions on Biomedical

Engineering

SAR and Temper-

ature

Numerical simu-

lation

Clothing effect and high

temperature of body

The results suggested that RF-RMF contributes an additional

thermal load to the tissues and subsequently causes temperature

elevation in tissues depending on ambient temperature, humidity,

and type of clothing.

[25] Moore et al. Bioelectromagnetics SAR and Temper-

ature

Numerical simu-

lation

Clothing effect and high

temperature of body

The results suggested that different environmental conditions had

minimal impact on the exposure metrics, and were below the

guidelines.

[132] Kaburcuk et al. 2018 International Applied Com-

putational Electromagnetics Society

Symposium (ACES)

SAR and Temper-

ature

Numerical simu-

lation

Impact of Smart glasses

on EMR

The temperature rise in the head was 0.153◦ C at 4.9 GHz, and

0.299◦ C at 2.4 GHz, and the temperature rise occurred on the

same side of the head where the antenna was installed.

[133] Sacco et al. IEEE Journal of Electromagnetics,

RF and Microwaves in Medicine and

Biology

SAR and Temper-

ature

Numerical simu-

lation

Impact of textile on

EMR

The results suggested that the textile in contact with the skin

increases the absorbed power density up to 41.5% and 34.4% at

26 GHz and 60 GHz, respectively. The temperature of the bare

skin elevated by 52% at 26 GHz and 46% at 60 GHz.

[134] Gultekin et al. IEEE Access SAR and Temper-

ature rise

FDTD simulation

and Measurement

Brain tissues as a func-

tion of frequency, power

and time

This study suggests that RF heating increases rapidly with fre-

quency, incident power, and exposure time.

[135] Christopher et al. Radiation Physics and Chemistry SAR and Temper-

ature rise

Measurement Temperature elevation

due to 4G cell phone

The results suggested that the temperature rise in the brain was

0.10◦ C at 30 mm depth, and SAR was 0.66 W/kg. The measured

SAR lies within the safe limit of ICNIRP.

[136] Matikka et al. Physics in Medicine & Biology SAR and Temper-

ature changes

FDTD simulation Temperature changes

due to metallic implant

A remarkable increase in temperatures of tissues such as 8◦ C was

seen with a 1 W power level, whereas no significant temperature

increase was observed at lower power levels.

39



[137] Gajda et al. Biomedical Physics & Engineering

Express

SAR and Temper-

ature rise

Simulation - The proposed method was highly efficient for repeated

temperature-rise calculations for parameter variation and showed

good agreement with conventional simulations. The investigation

includes a narrow, circularly symmetric beam incident with differ-

ent waveforms on a planar skin/fat/muscle tissue model.

[138] Cavagnaro et al. IEEE Transactions on Biomedical

Engineering

Temperature ele-

vation

Simulation Relation of exposure

duration and tempera-

ture elevation

Findings indicated that the most significant correlation with tem-

perature increase typically falls between 1 and 2 minutes for SAR.

Generally, SAR exhibits a stronger correlation with temperature

than volume absorption rate (VAR) across short and long dura-

tions and at higher frequencies. However, VAR demonstrates a

better correlation in some cases.
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Table 2.2 reviews the wearable devices used in an underground mine for monitoring

the miners’ different activities and health vitals. It can be concluded that most

wearable devices use ISM frequency bands to transfer real-time information from

the miner to the control room. Most wearable devices use 900 MHz, 2.4 GHz,

and 5.8 GHz frequency bands and are worn on the head by integrating into the

miner’s safety helmet and on the miner’s torso or wrist. Most wearable devices

also use PCB and whip antennas to communicate with each other. The wearable

devices used an ESP8266 chip for communication, which consists of a meandered

PCB antenna. Therefore, PCB antennas can be used to model wearable devices

to assess RF-EMF exposure on the miner for underground mine settings.

Table 2.5 summarizes research related to RF-EMF exposure in various confined en-

vironments. Both measurement and simulation methodologies have been employed

to assess RF-EMF exposure to the general public. Different types of exposimeter

or RF meters were used to measure exposure in indoor settings; however, these de-

vices do not provide information on specific absorption rate (SAR) or temperature

elevation in body tissues. Typically, they measure RF-EMF exposure in terms of

electric field strength, magnetic field intensity, and power density.

Simulation studies utilize various commercial software to model confined environ-

ments and employ high-resolution human body models to investigate RF-EMF

exposure. To the best of the author’s knowledge, there are currently no stud-

ies that evaluate RF-EMF exposure in the high-temperature conditions of un-

derground mines while incorporating a realistic underground mine environment.

Furthermore, no measurements have been conducted in actual underground mine

settings.

Table 2.6 summarizes the impact of RF-EMF exposure on the temperature rise

in the exposed tissues. It is critical to investigate the temperature rise in the

tissues in high-temperature environments as investigated in [24]. Considering the

real environment and multi-layer human body tissues to elevate temperature rise is

crucial as the bioheat equation depends on the thermal properties and SAR. In [24,

25], no real environment (such as metal or other objects in the surroundings) was
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considered to evaluate RF-EMF exposure in the high-temperature environment.

Instead, it concluded that the high temperature of the surroundings marginally

elevates the temperature of the tissues. The temperature elevation in tissues also

depends on the exposure time and properties of tissues.

Recently, the author studied RF-EMF exposure from wearable devices in under-

ground mine environments [10]. The CST software was used to model different

underground mine scenarios, and SAR values were compared. It was found that

the SAR values were higher in all underground mine scenarios compared to the

free space scenarios. The SAR values were also higher in the head than the torso

and were lowest when a device was mounted outside the safety helmet. It was also

suggested that absorption was higher in the deep tissues of the human body at

low frequencies compared to the high frequency where absorption was superficial.

Importantly, the SAR values remained below the thresholds set by the ICNIRP for

all simulated scenarios. However, the study did not evaluate the temperature rise

in tissues due to RF-EMF exposure. Furthermore, there has been no investigation

into how the high temperatures present in underground mines may affect tissue

temperature. Previous studies also failed to consider the prolonged duration of

exposure in the confined, high-temperature environment of underground mines.

Different studies use ML techniques to estimate RF-EMF exposure in humans,

rats, and plants [116,129,139–141]. These studies predict RF-EMF exposure using

ML techniques implementing image processing of the exposed tissues, and analyz-

ing changes before and after exposure. In [142], unsupervised ML methods such as

hierarchical clustering were applied to estimate the pattern of RF-EMF exposure

in schools. The exposure was measured using an exposimeter and estimated using

ML models.

2.5 Research Gaps

During the literature review for assessing RF-EMF exposure, three significant

research gaps were identified:
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• Evaluation of exposure in high-temperature environment: Various

wearable devices were employed in high-temperature environments, such as

underground mines. The high ambient temperatures in these mines can raise

the average body temperature (around 370 C) even without direct exposure

to RF-EMF. When the human body is exposed to the RF-EMF at such a

high temperature of the surroundings, the thermal burden on tissues can

increase further. Therefore, it is critical to evaluate RF-EMF exposure by

considering the high temperature of the surrounding environments. To the

author’s best knowledge, no study evaluated the exposure of wearable devices

considering such high temperatures and confined environments conditions of

the underground mine.

• RF-EMF Exposure for long duration in high-temperature environ-

ment: The miner can wear these wearable devices during the whole shift of

the work, usually 6 to 8 hours/day. Using these wearable devices for such a

prolonged duration is critical as it can keep the temperature of the tissues

elevated for the extended duration of the wearable device. Therefore, it is

crucial to investigate RF-EMF exposure for a long duration to understand

how long the temperature of the tissues continues to increase or decrease

due to the body’s thermoregulation response to the high temperature of the

surroundings. However, no study investigated the elevation in the tissues

for the long-duration usability of wearable devices in the high-temperature

environment of the underground mine.

• Implementation of the ML techniques to estimate RF-EMF expo-

sure: Extensive numerical simulations of RF-EMF exposure in underground

mines demand significant time and computational resources, especially when

accounting for the complex underground environment and a multi-layer hu-

man body model. Therefore, it is crucial to implement a methodology that

requires less time and computational power to estimate RF-EMF exposure

while considering various parameters of RF-EMF exposure. To address

this, ML models are needed to assess long-duration RF-EMF exposure from

wearable devices in the high-temperature conditions typical of underground
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mines. However, to date, no studies have applied ML techniques to estimate

RF-EMF exposure in such confined environments.

2.6 Commercial EM Simulation Packages

Advancements in high computations of computers and software enhance the capac-

ity to simulate large models with more accuracy and less time. Different commer-

cial software is available to solve high-frequency problems. Most of the solvers in

the software can be interlinked to solve different problems. For example, thermal

solvers can be linked to high-frequency solvers as antenna structures designed in

high-frequency solvers can be used to determine the thermal behaviour of antenna

performance. Each software tool is based on distinct numerical techniques and is

tailored to specific types of problems. When selecting an effective simulator for a

specific issue, it is essential to consider several key factors: functionality, accuracy,

setup time, execution speed, and the cost of the license. These elements play a

crucial role in determining the simulator’s suitability for the intended application

and overall effectiveness. Table 2.7 shows the well-known commercial simulators

for high-frequency problems. The Ansys HFSS software was selected for this study

Table 2.7: Commercial software for high-frequency problems

Simulator Numerical
method

Type of solu-
tion

Provider

CST MWS FIT Time/ Fre-
quency domain

SIMULIA

HFSS FEM Frequency ANSYS
FEKO MoM/

FEM/
FDTD

Frequency Altair

SEMCAD X Matter-
horn

FDTD SPEAG

XFdtd FDTD Time Remcom
COMSOL Multi-
physics

FEM Frequency COMSOL

Momentum IE-MoM KEYSIGHT
IE3D IE-MoM Spatial Zeland Software

https://www.3ds.com/products-services/simulia/products/cst-studio-suite/
https://www.ansys.com/products/electronics/ansys-hfss
https://www.altair.com/feko
https://speag.swiss/products/semcad/overview/
https://www.remcom.com/xfdtd-3d-em-simulation-software
https://www.comsol.com/rf-module
https://www.keysight.com/us/en/product/W3031E/pathwave-momentum.html
https://eda.sw.siemens.com/en-US/
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due to several key factors. HFSS utilizes a finite element method (FEM) to tackle

complex electromagnetic problems, enabling accurate simulation of high-frequency

designs. Notably, HFSS includes built-in tools for calculating SAR, a critical met-

ric in RF-EMF exposure assessment. It also supports diverse material definitions,

including dielectric properties essential for accurately modelling biological tissues

and simulating RF-EMF exposure with variations in permittivity and conduc-

tivity. Additionally, Ansys Workbench offers an integrated solution that links

high-frequency analysis with mechanical (thermal) analysis. The cost was another

consideration, as the School of Aeronautical and Mechanical Engineering at the

University of Witwatersrand holds a campus license, facilitating convenient access

to any Ansys module.

2.6.1 High-Frequency Simulation Software (HFSS)

Ansys HFSS is a 3D EM simulation software for simulating high-frequency prob-

lems and electronics such as antennas, RF or microwave components, filters, con-

nectors, IC packages, and PCBs [143]. HFSS was one of the old tools in the market

and was heavily used in industrial design environments; it extracts parasitic pa-

rameters and visualizes 3D EM near and far fields. All solution is based on FEM

numerical technique [144]. Ansys Electronic Desktop is a complete package that

consists of different solvers, such as HFSS for design, analysis, and simulation of

electromagnetic components, Q3D for extracting lumped RLGC parameters and

Spice models, Circuit is a schematic-based interface for circuit simulator, EMIT

is used for mitigating radio frequency interference in electronic devices, Icepak

is a fluid and thermodynamic simulator for electronic systems and components,

Maxwell uses finite element analysis to solve 3D electrostatic, magneto-static,

eddy current, and transient problems, simplorer is an integrated, multi-domain,

mixed-signal simulator for complex technical systems and Mechanical analyses the

vibration frequencies and thermal analyses to determine temperatures and heat

flux.
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2.7 Packages for Human body Model

Ansys HFSS offers different human male and female body models in several geo-

metrical accuracies of millimetres [145] and a set of a library ”Ansys Human Body

Model V5” consisting of different human models and tissues properties [146]. The

models contain more than 300 muscles, organs, tissues, and bones with an accu-

racy of 1, 2, and 4 mm, as shown in Figure 2.2. The properties of the human body

materials are frequency dependent, such as permittivity and conductivity from 10

Hz to 10 GHz. These properties are included in the Ansys material library based

on [1]. The user can modify the model for specific applications and parts. The

user can remove specific model parts and objects if not needed. The model can

be electrically large for high frequencies, making simulation very time-consuming

and computationally extensive due to the massive size of the meshes [147].

The Visible Human Project (VHP) package includes a high-resolution female

model that can be utilized in Ansys and other electromagnetic (EM) simulation

software [148]. These models offer a high level of detail and precise geometry of

internal body structures, making them valuable for implementing implantable an-

tennas. Consequently, selecting the appropriate body part is crucial for minimizing

simulation time and conserving computational resources.
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Figure 2.2: Human Body Model available in Ansys HBM package with male
4 mm resolution (left), female 4 mm resolution (center), and Neva VPH 3.0

female (right)



Chapter 3

Methodology to Assess RF-EMF Exposure of

Wearable Device

This chapter comprehensively discusses the research methodology used to achieve

the research objectives. It includes a detailed flowchart description outlining the

methodology used for numerical simulations, machine learning, and measurements

to assess RF-EMF exposure of wearable devices in underground mine environ-

ments. Furthermore, detailed elaboration is provided on the system-level approach

employed in numerical simulations and specific insights into the human body model

utilized.

3.1 Research Methodology

The research methodology was divided into two categories to evaluate the wear-

able device’s RF-EMF exposure: numerical simulation and predictions using ML

models and measurement. The methodology is further elaborated below.

3.2 Numerical Simulation and Predictions using ML Tech-

niques

Numerical simulations were performed to evaluate SAR and temperature eleva-

tion in tissues for various mounting positions and scenarios involving the wearable

device. The numerical simulations also incorporated the underground mine en-

vironment to assess more realistic RF-EMF exposure. Figure 3.1 illustrates the

48
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flowchart outlining the methodology employed to accomplish each research objec-

tive for numerical simulation and ML models.
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Figure 3.1: Flow chart of research methodology for numerical simulation and
ML models.
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3.2.1 Methodology for Objective 1

Numerical simulation using HFSS was employed to model wearable devices, incor-

porating their key characteristics such as frequency of operation, transmit power

level, antenna structure, device size, and mounting position on the body. Many

wearable devices utilize Arduino and ESP32 circuit boards operating at a fre-

quency of 2.4 GHz within the ISM band, with varying power levels. According

to the Independent Communications Authority of South Africa (ICASA) [149], a

maximum power of 0.01 W can be utilized at 2.4 GHz for near-field communica-

tion, making it suitable for worst-case exposure investigations. Whip antennas or

PCB antennas, often in the form of MIFA, are commonly used in wearable devices.

Hence, a widely used PCB antenna such as MIFA was modelled at 2.4 GHz to

assess SAR for different mounting positions of the wearable device on the human

body.

The SAR was analyzed for the free space environment using a human models li-

brary named ”Human Body Models (HBM)”. It consists of a male model with

dielectric properties ranging from 10 Hz to 10 GHz [146], available in HFSS soft-

ware. The SAR values were compared for different parameters associated with

RF-EMF exposure.

3.2.2 Methodology for Objective 2

The actual surrounding environment conditions must be considered to evaluate

RF-EMF exposure. The presence of surrounding objects can significantly affect

exposure metrics. As a result, a realistic model of the Wits mock mine tunnel was

created using LiDAR technology. In [49], a laser scanner was utilized to model

caves and study the propagation of electromagnetic signals. Similarly, a LiDAR

laser scanner available in the Sibanye-Stillwater Digital Mining (DigiMine) labora-

tory was used for 3D scanning of the tunnel. The scanned 3D model was imported

into the 3D CAD tool of Ansys (Geometry) for further CAD processing. Differ-

ent material properties were assigned to the structure, and mesh refinement was
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applied to the 3D tunnel model. Subsequently, the tunnel model was integrated

into the primary file of objective 1 to assess SAR within the underground mine

setting. Finally, SAR values were compared for different properties of the rock.

3.2.3 Methodology for Objective 3

The underground mines are usually hot environments where temperatures can

reach 40 or 500 C. When tissues are exposed to RF-EMFs, they can raise the

temperature of the tissues from their average temperature of 370 C. However, only

the temperature of the surrounding environment higher than the average body

temperature can increase the temperature of the human body. Therefore, it is

essential to investigate RF-EMF exposure in high-temperature conditions when

wearable devices are used in such environments.

To simulate the temperature elevation in tissues for different ambient tempera-

tures of underground mines, such as 400 C or 50 0 C, we used the ”Mechanical”

solver of the ”Ansys Workbench” software with the modelled file of objective two.

The electromagnetic losses were converted to thermal losses and defined as the

heat source in thermal simulations. We analyzed the temperature variations for

different mounting positions of MIFA for different ambient temperatures of the

underground mine and compared the results with the ICNIRP guidelines [4].

3.2.4 Methodology for Objective 4

Wearable devices are frequently used in underground mines for extended shifts

lasting up to 8 hours. This prolonged use can lead to prolonged exposure of

tissues to RF-EMF. Considering the long-term effects of this exposure in such

environments is crucial. This study investigated the effects of RF-EMF exposure

to wearable devices on the human body for durations ranging from 1 to 8 hours

under high ambient temperatures. The study utilized the thermal transient solver

of Ansys Mechanical.
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The simulation file of objective 3 was incorporated with time duration into the

transient and static thermal solver of Ansys Mechanical for investigation of long-

term RF-EMF exposure. The study analyzed the maximum temperature elevation

in tissues with increasing exposure time and compared it for different exposure

time settings.

3.2.5 Methodology for Objective 5

Numerical simulations are time-consuming processes requiring significant compu-

tational resources to evaluate RF-EMF exposure. This exposure depends on vari-

ous parameters of the RF-EMF source, such as frequency, antenna gain, transmit

power level, and distance from the human body to the antenna, as well as pa-

rameters associated with the underground mine environment, such as ambient

temperature, tunnel dimensions, and exposure duration. Supervised ML mod-

els were utilized to estimate RF-EMF exposure of wearable devices, and varying

associated parameters were used to address this.

Our research involved conducting a series of simulations, each with varying asso-

ciated parameters. The ML model was trained to estimate SAR and temperature

elevation in tissues. For instance, we varied the distance between the head and

antenna (ranging from 5 mm to 15 mm), the transmit power of the antenna (from

0.1 mW to 1 mW), the orientation of the antenna, its mounting position on the

body, the surrounding temperature (400 C or 500 C), and the exposure duration

(1 to 8 hours) to train the ML and deep learning models. The trained ML and

deep learning models were then used to estimate RF-EMF exposure for various

combinations of these parameters. This approach offers a practical and efficient

alternative to running complete simulation setups, which can be time-consuming.

Our primary objective was implementing various ML models and assessing their

accuracy in estimating RF-EMF exposure for different parameters. By doing so, we

aimed to provide a comprehensive understanding of the capabilities and limitations



Chapter 3. Research Methodology 53

of ML techniques in predicting SAR and temperature elevation due to RF-EMF

exposure.

3.2.6 Methodology for Objective 6

Recommendations regarding RF-EMF exposure of wearable devices concerning

high ambient temperatures, prolonged exposure times, and the confined environ-

ment of underground mines were provided based on SAR and temperature eleva-

tion in tissue, derived from both numerical simulations and ML models.

3.3 Methodology for Measurements

Figure 3.2 illustrates the flowchart used to measure RF-EMF exposure of wearable

devices. Due to the challenges in accessing wearable devices deployed in under-

ground mines, measurements were conducted in the Wits mock mine tunnel. A

wearable device prototype was constructed using essential components, notably

the ESP32 for Wi-Fi operation at 2.4 GHz.

RF-EMF exposure was measured using the Cornet RF-EMF exposimeter, focus-

ing on power density (W/m2) due to the unavailability of exposimeters measuring

SAR or temperature elevation in human tissues. Measurements were conducted

in the same settings to ensure consistency, following procedures outlined in pre-

vious studies for increased accuracy [82, 98, 100, 101]. Analysis was performed on

measured values at varying distances from the ESP32 wearable device and RF

meter. The measured results were also compared with simulated and analytically

calculated power densities for MIFA.

3.4 Ethical Clearance for Research

Ethical clearance for this research and self-conducted measurements was obtained

with reference number H22/10/01 under an ethical waiver.
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Figure 3.2: Flow chart of research methodology for measurements

3.5 Considerations of Body Mounting Positions for Assess-

ing RF-EMF Exposure from Wearable Devices

Wearable devices can be positioned at various locations on the human body, each

offering distinct advantages and considerations [150]. One standard placement is

on the wrist, which is famous for smartwatches and fitness trackers due to its ac-

cessibility and non-intrusiveness [151, 152]. Wrist-worn devices allow convenient

access to information and can track various biometric data. Another common

placement location for wearable devices is the chest or torso, where devices like

heart rate monitors and activity trackers are frequently worn [153]. This posi-

tioning ensures close contact with the skin, facilitating accurate vital signs and

physical activity monitoring. Wearable devices can also be worn on the head, as
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seen with smart glasses or virtual reality headsets, offering a direct line of sight

for visual information and interaction [150]. For different applications, wearables

can be embedded into clothing, such as smart apparel, enabling continuous moni-

toring without requiring direct skin contact. [154,155]. Additionally, the wearable

can be worn on the fingers, ears, and ankles and can be embedded into textiles

or accessories like jewellery. The choice of placement depends on factors like the

device’s intended purpose, comfort, user experience, and the type of data to be

collected or displayed.

A comprehensive investigation into RF-EMF exposure across different mounting

positions becomes imperative. Notably, a recent study examined RF-EMF expo-

sure on the head of workers utilizing the ESP board, as reported by Zradziński

et al. (2020) [156]. The findings revealed a substantial reduction in exposure by

300% when the device was mounted on the helmet’s exterior, as opposed to being

directly worn on the headband by the worker. However, it should be noted that

the investigation did not employ a realistic human model. Similarly, in a prior

study by the author, RF-EMF exposure for different frequencies was explored on

the head and torso in underground mine scenarios [10]. While the scope was lim-

ited due to the dipole antenna, it was observed that placing the antenna outside

the safety helmet resulted in even lower SAR values compared to the scenarios in-

volving the torso. Therefore, the safety helmet can help reduce workers’ RF-EMF

exposure by introducing a distance between the head and the wearable antenna.

The mounting position of the MIFA on the body is shown in Figure 3.3. The arm

and waistline segments highlighted in Figure 3.3 were selected for RF-EMF ex-

posure assessment. This selection helps optimize computation time and resources

by targeting specific areas instead of simulating the entire body model. Moreover,

it is well known that the RF-EMF absorption is highest in tissues closest to the

antenna compared to deep tissues [10].
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Figure 3.3: Different mounting positions of MIFA for evaluation of RF-EMF
exposure, the box represents the part of the body selected for evaluation to

reduce computation time.

3.6 Human Body Model: Overview and Properties

In section 2.7, we discussed the Ansys human body package, which provides various

human body models explicitly designed for electromagnetic exposure assessments.

For our investigation, we have chosen the male body model with 4 mm resolution

as it strikes the right balance between computational efficiency and accuracy. By

adopting a 4 mm human model, we can carry out simulations quickly without

compromising on the realistic assessment of electromagnetic exposure of wearable

devices. This approach also ensures compliance with relevant safety guidelines

and regulatory standards. The dielectric and thermal properties of the tissues

were considered from the ITIS database [157] as shown in Table 3.1.
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Table 3.1: Dielectric and thermal properties of human tissues at 2.4 GHz [157]

Tissues Permittivity Electrical
Conduc-
tivity
(S/m)

Density
(kg/m³)

Heat Ca-
pacity
(J/kg/°C)

Thermal
Conduc-
tivity
(W/m/°C)

Skin 38.1 1.44 1109 3391 0.37
Bladder 57.7 2.02 1071 3716 0.52
Colon 54.0 2.00 1088 3655 0.58
Kidney 52.9 2.39 1066 3763 0.53
Liver 43.1 1.65 1079 3540 0.52
Lung In-
flated

20.5 0.79 394 3886 0.39

Pancreas 57.3 1.93 1087 3164 0.51
Prostate 57.6 2.13 1045 3760 0.51
Small in-
testine

54.5 3.13 1030 3595 0.49

Spleen 52.5 2.2 1089 3596 0.53
Stomach 62.2 2.17 1088 3690 0.53
Air 1 0 1 1004 0.03

3.7 Overview of the Approach Implemented for System-

atic Evaluation of RF-EMF Exposure via Numerical

Simulation

This section discussed a system-level approach for evaluating RF-EMF exposure

in detail, employed to numerically assess SAR and tissue temperature elevation in

tissues across various mounting positions and incorporating an underground mine

model.

The wearable device antenna was modelled using the HFSS solver within the An-

sys Workbench platform. This integration enables seamless data transfer, geome-

try manipulation, and solution sharing across diverse engineering modules. This

study utilised HFSS, Geometry (previously named SpaceClaim), and Mechanical

solvers for SAR evaluation, tunnel CAD model processing, and tissue temperature

elevation analysis, respectively.

SpaceClaim facilitates geometry processing within this framework and shares the

geometry with HFSS. The HFSS evaluates electromagnetic losses, and SAR values
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are computed using a 4 mm tissue model and analyses the performance parameters

of the MIFA antenna. Subsequently, these computed loss densities are imported

into the Mechanical solver, where HFSS shares geometry and material properties

alongside tissue losses. These losses are defined as heat sources within the Me-

chanical solver, which further incorporates temperature monitoring on tissues and

boundary conditions. The system-level diagram of the Ansys Workbench used for

SAR and temperature elevation in tissues for the underground mine environment

is shown in Figure 3.4a and Figure 3.4b, respectively.

The steady-state solver within the Mechanical module furnishes maximum tem-

perature in tissues with infinite time assumptions, while the transient solver of-

fers temporal tissue temperature elevations. Computational time and memory

requirements for the transient solver are contingent upon time step selections and

the duration of RF-EMF exposure. All simulations were conducted utilising an

i7-10700 CPU with 64GB of RAM.

3.8 Summary

In this chapter, the research methodology is explained to investigate the RF-

EMF exposure of wearable devices in underground mine environments and the

associated variability across different parameters related to RF-EMF exposure and

the surrounding environment. A comprehensive discussion of each objective offers

insights into the methodology implemented to achieve specific goals. Additionally,

a detailed description of the measurement methodology is provided.

The different mounting positions of wearable devices are discussed, highlighting

their advantages in investigating RF-EMF exposure through numerical simulation

in both free space and underground mine environments. Specifically, wrist and two

waistline scenarios were selected for evaluating SAR and temperature elevation in

tissues. A detailed discussion on the human body model and tissue properties

obtained from the ITIS database is also provided. Finally, it is essential to explain
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Figure 3.4: System-level diagram of the Ansys Workbench used for RF-EMF
exposure evaluation in underground mine environment in terms of (a) SAR, and

(b) temperature elevation in tissues.
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the approach used for the systematic investigation of RF-EMF exposure in free

space and underground mine environments.



Chapter 4

SAR Assessment for Wearable Devices

4.1 Introduction

In this chapter, a numerical evaluation of RF-EMF exposure of the wearable device

was conducted for both free space and tunnel scenarios. Firstly, the modelling

and considerations for evaluating the wearable device were explained in Section

4.2, including a discussion on human body models. Subsequently, the SAR for

two mounting positions of the wearable device, namely wrist and waistline, was

analyzed. The variability of SAR for different parameters of the RF-EMF source

was also discussed and compared. Finally, in Section 4.5, the SAR values were

analyzed for the tunnel scenario while considering variations in properties of the

underground mine rock. The results were thoroughly discussed and compared with

those of previous studies.

4.2 Numerical Model of the Wearable Device

The emergence of wearable technology has revolutionised various industries thanks

to its ability to provide easy and efficient solutions for monitoring and tracking

tasks. As wearable devices continue to gain popularity in hazardous work envi-

ronments, it has become increasingly important to assess RF-EMF exposure to

ensure the safety and welfare of workers.

The investigation of RF-EMF exposure for wearable devices, as detailed in [156,

158], utilized an ESP32-WROOM-based device developed by the Central Institute

61
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for Labour Protection, Warsaw, Poland. Additionally, Chapter 2 highlighted the

widespread use of the ESP8266 IoT board in wearable devices, which comes in var-

ious versions featuring two variations of the meandered F-shape antenna (MIFA).

Given this context, the ESP32 board was chosen for the current study to assess

RF-EMF in underground mine environments. This choice ensures consistency and

allows for the validation of RF-EMF exposure investigations across different ESP

board versions.

The wearable wireless device encompasses several components, such as a sensor,

battery, antenna, and processing board (e.g., ESP32). For a comprehensive model

of the wearable device, it is essential to include all components to replicate the

model accurately. In evaluating the RF-EMF exposure of the wearable device,

the antenna structure, which serves as the source of RF-EMF, holds paramount

significance, as discussed in [156, 159, 160]. In the study by Zradzinski et al., a

pilot test was conducted involving all components of the wearable device [156].

The test revealed insignificant differences in the maximum value of SAR10g (0.2%)

and proposed a simplified model structure with a MIFA antenna. Consequently,

based on these findings, only the antenna structure will be considered for the

modelling to assess the exposure metrics.

The wearable device ESP32-WROOM comes with an omnidirectional antenna

called the MIFA. The MIFA operates in the ISM frequency band (2400-2483.5

MHz), supporting Wi-Fi and Bluetooth communication using international stan-

dards IEEE 802.11 and IEEE 802.15.1. The ESP-32 module provides maxi-

mum EIRP (Effective Isotropic Radiated Power) for Wi-Fi communication is

100 mW (20 dBm), and for Bluetooth, it is 8 mW (9 dBm) [161]. The numerical

model of the MIFA antenna and ground was modelled with a copper thickness of

0.035 mm, conductivity of 5.8×107 S/m, a relative permittivity of 1, and a density

of 8933 kg/m3. The MIFA antenna was placed on the substrate FR-4 epoxy with

permittivity of 4.4, a conductivity of 3.8×10−3 S/m, a loss tangent of 0.02, and

a density of 1900 kg/m3. The optimized dimensions of the MIFA are shown in

Figure 4.1.
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Figure 4.1: Dimensions (in millimeters) of the numerical model depicting the
meandered inverted-F antenna (MIFA).

4.2.1 Performance Evaluation of MIFA

The numerical model of the MIFA was tested for its performance at 2.4 GHz

(2400 MHz). The reflection coefficient, voltage standing wave ratio (VSWR), and

far-field radiation pattern were plotted for verification. The reflection coefficient,

also known as S11, is a fundamental parameter that offers intuition into an an-

tenna’s impedance matching, efficiency, and overall performance within a given

system [162]. It indicates the frequency range over which the antenna structure

is appropriately matched, allowing it to radiate electromagnetic waves efficiently.

Typically, a threshold of -10 dB is utilized to determine the extent of reflection

from the antenna structure, where only 10% of the incident power is reflected [162].

The reflection coefficient was analyzed at 2.4 GHz to evaluate the behaviour of

MIFA, as shown in Figure 4.2. The analysis revealed a bandwidth of 70 MHz,

ranging from 2.37 GHz to 2.44 GHz.

Similarly, the far-field radiation pattern of the MIFA was also plotted, as shown

in Figure 4.3a. It shows the omnidirectional radiation pattern of the MIFA with

a maximum gain of 2.1 dB. The 3D radiation pattern with the MIFA structure

is presented in Figure 4.3b, offering valuable insights into its radiation behaviour.

Other performance parameters of the MIFA antenna, such as Voltage Standing
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Figure 4.2: Reflection coefficient (S11) of the MIFA at 2.4 GHz.

(a) (b)

Figure 4.3: Far field radiation pattern of the MIFA at 2.4 GHz (a) 3D far-field
radiation pattern and (b) 3D far-field pattern with antenna structure.

Wave Ratio (VSWR) and surface current distribution, were also observed. The

nominal value of the VSWR should be between 0 to 2 for better performance of

the antenna. The VSWR of MIFA is shown in Figure 4.4a. It can be seen that

the VSWR is below 2 for 2.37 GHz to 2.45 GHz. Similarly, the surface current

distribution was plotted in Figure 4.4b. It provides insight into the distribution

and behaviour of electromagnetic energy along the surfaces of the MIFA.
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(a)

(b)

Figure 4.4: Performance parameters of the MIFA at 2.4 GHz (a) voltage
standing wave ratio and (b) surface current density.

4.3 Exposure Assessment for a Wearable Device in a Free

Space Environment

The SAR was investigated for various mounting positions of the wearable device

on the body within a free-space environment. This setting offers valuable insights,

as reflections from nearby objects have no impact. A detailed analysis of the SAR

for each mounting position is provided below:
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4.3.1 SAR for Wrist in a Free Space Environment

Various smartwatches are widely used for health activity monitoring and worker

tracking purposes [152]. The wrist, classified as an extremity by the ICNIRP

guidelines [4], benefits from a higher exposure threshold compared to other body

regions, with a SAR for a 10-gram averaged mass of tissues in the limbs set at

4 W/kg [4]. Understanding SAR levels is critical for designing and positioning

wearable devices on the wrist, ensuring electromagnetic exposure remains safe

and safeguarding worker health. Mounting the wearable device on the wrist is sig-

nificant for two reasons: first, due to its higher exposure thresholds compared to

other body parts, and second, because it enables monitoring of various health pa-

rameters such as blood pressure, heart rate, sleep patterns, and location tracking,

capabilities not easily achieved with other mounting positions like the waistline or

head.

A wearable antenna was positioned just above the wrist on a human model to

assess exposure, mimicking a typical wristband placement, as illustrated in Figure

4.5. The antenna was positioned 5 mm away from the human body for numerical

assessment, focusing on the arm to streamline computational efforts. The numer-

ical simulation of the wrist involved solving 82,119 tetrahedrons, as depicted in

Figure 4.5b. Figure 4.6 illustrates the electric field distribution, with a maximum

E-field of 151.96 V/m. Additionally, Figure 4.7 depicts the distribution of the

maximum peak spatial average SAR for a 10-gram mass of skin tissues. Notably,

the SAR10g distribution reveals a hotspot on the wrist under the MIFA, with the

wrist region experiencing the highest SAR exposure, reaching a maximum SAR

value of 4.076 W/kg.

4.3.2 SAR for Waistline in a Free Space Environment

The waistline is crucial for evaluating SAR levels in wearable devices for several

reasons. It is a preferred location for various types of wearable devices, such as

fitness trackers, smart belts, and waistbands. Many users favor this position due
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(a) (b)

Figure 4.5: Simulation setup for wrist (a) MIFA mounted on the wrist of the
human body (left), close side view representing the distance between skin and

antenna (right) and (b) mesh view of the wrist.

Figure 4.6: Distribution of the electric field on the wrist at a frequency of
2.4 GHz.
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Figure 4.7: Spatial distribution of SAR10g on the wrist at 2.4 GHz.

to its non-intrusive nature and easy accessibility. Therefore, understanding the

SAR levels at the waistline is essential to ensure the safety and well-being of the

many individuals who use these devices daily.

Additionally, the waistline region encompasses crucial organs and tissues sensitive

to electromagnetic radiation. The antenna’s proximity to the body in this area

may lead to notable SAR values, especially if the antenna design is not optimal or

if the wearable device is worn for extended periods.

Moreover, the waistline is a region where body composition and clothing can influ-

ence electromagnetic energy absorption. Variations in fat and muscle distribution

can impact the amount of electromagnetic energy absorbed by the body. Addi-

tionally, the presence of clothing between the wearable device and the skin can

alter SAR levels, underscoring the importance of evaluating SAR at the waistline

under realistic conditions.

Assessing SAR at the waistline provides valuable insights into potential health

risks associated with wearable devices. It enables the identification of any potential
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hotspots of SAR concentration and aids in developing safe and compliant wearable

devices that adhere to established exposure limits. Therefore, in this study, two

distinct potential mounting positions for the wearable device are investigated. The

first involves mounting the device on the side of the torso at the waistline, while

the second position is placing it on the backside of the waistline. Both positions

significantly impact the exposure levels experienced by the worker. For instance,

positioning the wearable device on the side of the torso can lead to heightened

reflections from the nearby tunnel boundaries, potentially increasing the worker’s

exposure.

Placing the wearable device at the back of the waistline has advantages, mainly

because it reduces reflections from surrounding boundaries. This study aims to

thoroughly analyze how different mounting positions affect electromagnetic expo-

sure, specifically examining the impact of wearable device placement on the torso

in hazardous environments, such as underground mines. The scenarios mentioned

will be investigated individually below:

4.3.2.1 SAR for Wearable Device Positioned at the Side of the Waist

in Free Space Environment

The wearable device was mounted on the side of the waistline at a distance of

5 mm, as shown in Figure 4.8. Only the relevant part of the torso (100 mm above

and below the antenna structure) was selected to reduce the computational power

required to simulate the complete torso. The E-field distribution represents the

hotspot on the same positions where MIFA was placed, as illustrated in Figure

4.9a. Similarly, the maximum averaged SAR10g value was 3.308 W/kg, and the

SAR10g distribution on the torso is shown in Figure 4.9b.
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Figure 4.8: Simulation setup of the MIFA on the side of the waistline.

(a) (b)

Figure 4.9: Simulation results for MIFA placed on the side of the waistline
(a) E field distribution and (b) SAR10g

4.3.2.2 SAR for Wearable Device Positioned at the Back of the Waist

in Free Space Environment

In this scenario, the wearable device (MIFA) was mounted on the backside of the

waistline at a distance of 5 mm, as shown in Figure 4.10a. The simulated mesh

was plotted as shown in Figure 4.10b. The E-field distribution shows the hotspot

right under the positions where MIFA was placed on the backside of the waistline,

as illustrated in Figure 4.11a. The maximum electric field on the skin tissue was

140.251 V/m. Similarly, the maximum averaged SAR10g value was 2.410 W/kg,
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and the SAR10g distribution on the torso is shown in Figure 4.11b. The difference

in SAR value between the two positions was due to the difference in the flat surface

closer to the skin tissues.

(a) (b)

Figure 4.10: Simulation setup when MIFA is placed (a) on the backside of
the waistline (b) simulated mesh of the scenario

(a) (b)

Figure 4.11: Simulation results for MIFA placed on the backside of the waist-
line (a) E field distribution and (b) SAR10g

The SAR values at 2.4 GHz for various scenarios and studies were compared in

Table 4.1. The SAR values reported for the head in [156], using MIFA, exceeded

ICNIRP levels, suggesting the need to mount the wearable device outside the

safety helmet. Similarly, the results presented in our study show that the SAR

values were also higher for the wrist and waistline side scenarios under conditions

of RF-EMF exposure similar to those discussed in [156] (such as MIFA antenna,

power level of 0.1 W, and distance between antenna and body). Consequently,

the ESP32-WROOM board exhibited higher SAR values in worst-case scenarios

for the wearable device’s wrist and waistline mounting positions. Modifying the

MIFA structure to mitigate RF-EMF exposure or adding shielding between the
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antenna and body is recommended. Increasing the distance between the body and

MIFA can also reduce the SAR values.

Table 4.1: Comparison of MIFA RF-EMF exposure for different mounting
positions at 2.4 GHz

Reference RF-EMF source
Exposure scenario SAR10g (W/kg)

[156] ESP32-WROOM
Headband 4.0

Helmet 0.4

This work ESP32-WROOM
Wrist 4.0754

Waistline side 3.308
Waistline back 2.410

4.4 SAR Variability for Parameter Variations of RF-EMF

Source

Understanding the effects of various parameters on SAR variability is paramount,

as this knowledge is crucial for effectively mitigating RF-EMF exposure in both the

general public and workers. SAR variability depends on multiple factors associ-

ated with the source of the RF-EMF, such as the frequency of the electromagnetic

signal, the transmit power level, the distance between the source and the exposed

body, and the antenna’s orientation. Various studies have investigated the effects

of frequencies below 6 GHz [10, 156]. Consequently, factors such as the distance

between the antenna and tissues, the transmit power of the antenna, and the an-

tenna’s orientation play crucial roles in determining SAR variability for a wearable

device at a specific frequency.

As the distance between the source and tissues increases, the field strength dimin-

ishes, consequently reducing the SAR in the tissues. This relationship between

SAR and distance is evident in the literature, highlighting the direct correlation

between the device’s proximity to tissues and SAR levels. However, it is critical

to determine the safe distance for mounting the wearable device on the worker.
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Similarly, the transmit power of the wearable device plays a pivotal role in deter-

mining the magnitude of the electromagnetic field emitted by the antenna. Higher

transmit power results in greater exposure to tissues located in proximity.

Additionally, the antenna’s orientation on the body significantly impacts the dis-

tribution of electromagnetic energy. Different orientations lead to varying patterns

of energy absorption and SAR values within tissues. Therefore, these factors intri-

cately contribute to the overall RF-EMF exposure levels experienced by the tissues,

necessitating careful consideration in assessing and designing wearable devices and

their deployment in various scenarios, especially in confined environments such as

underground mines.

4.4.1 Analysis of SAR Variation with Distance between

Antenna and Tissues

The SAR was analyzed for variation in the distance between the antenna and

tissues for the wrist and waistline scenario. The SAR values were analyzed at

distances of 5 mm, 10 mm, 15 mm, and 20 mm from both the wrist and waistline

scenarios, considering a maximum power level of 0.1 W allowed at 2.4 GHz, leading

to a worst-case assessment. Figure 4.12 compares the SAR’s variation for different

distances. It can be seen that the SAR value decreases significantly with the

increase in the distance between the tissues and the antenna. The SAR value on

the wrist was lower than the ICNIRP limits of 5 mm to place it closer to the

human arm tissues. At the distance of approximately 12.5 mm, the SAR value for

the waistline scenario was lower than the prescribed regulatory limit of ICNIRP [4]

for a torso.

In contrast, it was recommended to maximize the distance between the antenna

and the body to mitigate the lower levels of exposure. The safe distance for the

MIFA was approximately more than 12 mm, with a SAR value below regulatory

limits for both scenarios. Due to the difference in the body’s shape, the SAR value

on the wrist changes more rapidly with distance than the waistline.
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Figure 4.12: SAR variability to the distance between antenna and tissue for
MIFA placement on Wrist and Waistline.

4.4.2 Transmitting Power and SAR variability

When the transmitting power of the antenna is increased, the intensity of the

RF-EMF in the surrounding environment of the antenna is increased. The higher

intensity of the electric fields increases the SAR in the biological tissues. In math-

ematical terms, SAR is proportional to the square of the electric field strength

generated by the transmitting antenna as expressed in Eq. 2.1. The SAR variabil-

ity with transmit power of the source of the RF-EMF was analyzed in different

studies [10, 163]. In [163], transit power level significantly influences SAR and

temperature distribution in the head tissues. Similarly, in [10] investigated the

maximum power levels that can be used for wearable devices in case of emergen-

cy/ rescue operations without exceeding the ICNIRP and IEEE regulatory limits

of the SAR in underground mine scenarios. Hence, conducting a thorough exam-

ination of SAR variability across different transmit power levels of the wearable

device (MIFA) is crucial. Moreover, the adaptability of the ESP32 is highlighted,

providing adjustable power levels ranging from 1 mW to 100 mW [164].
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The investigation into SAR variability encompassed both wrist and waistline sce-

narios, involving manipulating power levels by the increment of 25 mW, as de-

picted in Figure 4.13. The SAR increases proportionally with the elevation of the

power level of the MIFA antenna. Furthermore, the wrist-mounted configuration

exhibited a higher maximum SAR than the waistline configuration. At the lowest

power level (1 mW), the SAR values were 0.038 W/kg and 0.032 W/kg for wrist

and waistline scenarios, respectively. These findings advocate for the implemen-

tation of wearable devices featuring adjustable power settings, which could serve

as a mitigation strategy for controlling RF-EMF exposure levels. Furthermore,

SAR values at maximum power level indicate that the MIFA is suitable for wrist

positioning, whereas, for waistline positioning, it exceeds ICNIRP guidelines [4].
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Figure 4.13: SAR variability with different power levels for MIFA placement
on wrist and waistline.

4.4.3 Device Orientation and SAR variability

The antenna’s orientation significantly influences the distribution of electromag-

netic fields and subsequently impacts the SAR [165]. As the orientation of the

antenna changes, the pattern of electromagnetic radiation emitted also changes,
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leading to variations in SAR values [166]. Antenna orientation is critical in de-

termining how electromagnetic waves interact with the surrounding environment

and tissues. For instance, if the antenna is oriented so that the emitted waves are

directed toward a specific body part, that region might experience higher SAR due

to increased energy absorption. On the other hand, if the waves are not aligned

with the body, lower SAR values in specific tissues may be observed. Therefore, it

is essential to investigate the impact of antenna orientation on exposure metrics.

The SAR variability was analyzed across different orientations of the MIFA an-

tenna, considering both wrist and waistline placements, with a fixed power level

of 0.1 W, as shown in Figure 4.14. The MIFA antenna was rotated around its axis

aligned parallel to the body, denoted as the y-axis. While the SAR displayed min-

imal fluctuations for the wrist scenario, it exhibited more substantial alterations

for the waistline placement. Interestingly, this SAR variation remained consistent

across different considerations of the tissues, i.e., with and without consideration

of the arms. Specifically, the SAR value reached its minimum at a 900 orientation,

signifying the pivotal role of antenna alignment in devising strategies for exposure

mitigation for wearable devices.
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Figure 4.14: SAR variability with respect to antenna orientation for MIFA
placement on wrist and waistline.
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4.5 SAR Assessment in Tunnel Environments: Analysis

and Findings

RF-EMF exposure in confined environments poses unique challenges, leading to

higher exposure levels due to the reflection and scattering of electromagnetic waves

from nearby objects. This elevation in exposure is influenced by various factors,

such as the distance between tissues and surrounding objects, as well as the prop-

erties, shape, and orientation of the objects [10, 167–169]. Notably, research has

shown that metallic walls near mobile phones can increase the SAR value by up

to 7% at a distance of 394 mm [148]. Similarly, investigations into multiple Wi-

Fi devices inside a metallic enclosure demonstrated that spacing, Wi-Fi device

count, and relative positions in the room are crucial factors affecting RF-EMF

exposure [169]. Consequently, it is essential to incorporate the surrounding en-

vironment when evaluating RF-EMF exposure of wearable devices, especially in

confined spaces like the working environment of underground mine workers, where

various metallic objects are present close to the worker, potentially amplifying

RF-EMF exposure.

A LIDAR1 (Light Detection and Ranging) scan model incorporates the surround-

ing environment in evaluating the RF-EMF exposure. Recently, a LIDAR scan

model was used to study the roughness impact on the path loss exponent of the

wireless signal propagation in the natural caves [49].

Similarly, a LIDAR-scanned model of the Wits mock mine was used to investigate

the impact of the tunnel structure on the exposure of wearable devices worn by

the worker. Therefore, a LIDAR-scanned model of the Wits mock mine with high

resolution (2 mm) was used in this study. The scanned model was imported to

the point cloud, and the DXF file of the LIDAR model was imported to Ansys

Geometry for further processing. The LIDAR scanned model was 67 m in length

1LIDAR (Light Detection and Ranging) scanning is a cutting-edge technology that plays a
pivotal role in various industries and applications. By emitting laser pulses and measuring the
time it takes for the laser to return after hitting an object, LIDAR systems create precise 3D
representations of objects and environments. This advanced scanning technique offers unparal-
leled accuracy and detail, making it indispensable in topographic mapping, autonomous vehicles,
forestry, urban planning, archaeology, and environmental monitoring.
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and approximately 3 m in width. In numerical modelling, the complexity and

size of the model play a vital role in the accuracy and required computational

resources. High computational resources are required to simulate such a large

tunnel structure. Maintaining the model’s accuracy and reducing computational

resources is compulsory by selecting only relevant parts of the objects. Therefore,

a slice of 2 m of the LIDAR scanned model of the Wits mock mine was selected

for further processing. The facets of the geometry were converted to a solid with

a thickness of 100 mm, as shown in Figure 4.15.

To further reduce the model size, it is essential to consider only relevant parts

of the tunnel model, such as the wall adjacent to the wearable device, which can

incorporate the reflections of the RF-EMF and potentially increase the worker’s

RF-EMF exposure. The roof, floor, and opposite wall have less and minimal

impact on the reflections and absorption. Therefore, the model was further reduced

to 1 m × 1 m (eight times larger than the wavelength at 2.4 GHz). The CAD model

of the tunnel was imported to the HFSS solver to simulate the RF-EMF scenario.

In HFSS, the geometry was assigned to the material properties of rock [170].

Figure 4.15: Processing of the LIDAR scanned model of the Wits mock mine
tunnel.
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Table 4.2: Dielectric and thermal properties of the rock utilized in this study.

Permittivity Electrical
Conductivity
(S/m)

Density
(kg/m³)

Heat Capac-
ity (J/kg/°C)

Thermal
Conductivity
(W/m/°C)

Rock 12.25 0.009976 2574.88 893.25 1.40641

4.5.1 SAR for Wearable Device Positioned on the Wrist in

Tunnel Environment

The CAD model of the tunnel was used to determine the realistic impact of the

underground mine tunnel on the electric field and absorption of the RF-EMF in

the tissues. The MIFA placed on the wrist was used in this scenario. The distance

between the tunnel and the wrist was kept 100 mm, as shown in Figure 4.16. The

distance between the MIFA and wrist remained the same (5 mm). The electric

field and SAR10g distribution on the wrist remains similar, whereas the value is

marginally higher than the free space scenario. The maximum SAR10g value on

the wrist for the tunnel scenario was 4.101 W/kg.

Figure 4.16: Simulation setup of the MIFA on the wrist for the tunnel.
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4.5.2 SAR for Waistline in tunnel

4.5.2.1 SAR for Wearable Device Positioned on the Side of the Waist

in Tunnel Environment

The CAD model of the tunnel structure was imported to evaluate the realistic

impact of the tunnel on the absorption mechanism in the tissues. The tunnel

model was kept 100 mm away from the skin tissues, whereas the distance between

the MIFA and tissues was 5 mm as shown in Figure 4.17. The maximum SAR10g

on the skin tissues was 3.325 W/kg.

Figure 4.17: Simulation setup of the MIFA on the side of the waistline for the
tunnel.

4.5.2.2 SAR for Wearable Device Positioned on the Back of the Waist

in Tunnel Environment

Similarly, the CAD model of the tunnel was imported and kept 100 mm away

from the skin tissues, as shown in Figure 4.18. The maximum SAR10g on the skin

tissues was 2.404 W/kg.

Table 4.3 compares SAR values for tunnel and free space environments. The SAR

values were obtained for both the tunnel and free space environments and were

compared to those from a previous study [10]. The SAR values were found to be

slightly higher with the MIFA antenna than the dipole antenna. Additionally, the
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Figure 4.18: Simulation setup of the MIFA on the backside of the waistline
for the tunnel.

SAR values in the tunnel scenario exceeded the ICNIRP guidelines for both wrist

and waistline positions. Therefore, it is recommended that the ESP32-WROOM

should not be operated at maximum transmit power in such environments. Fur-

ther investigation into RF-EMF exposure of these wearable devices is essential.

Furthermore, shielding these devices for further mitigation of RF-EMF exposure

is necessary.

Table 4.3: Comparison of MIFA RF-EMF exposure for different tunnel sce-
narios at 2.4 GHz

Reference RF-EMF source
Exposure scenario SAR10g (W/kg)

(Tunnel/Free space)

[10] Dipole antenna
Head 1.54/1.5
Torso 0.94/0.89

This work ESP32-WROOM
Wrist 4.076/4.101

Waistline 3.325/3.308

4.5.3 Investigating SAR Variability in Relation to Tunnel

Parameters

The SAR demonstrates notable variation due to the diverse materials present in

the surrounding environment of an exposure scenario. These materials possess

distinct electromagnetic properties that result in unique interactions with incident
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waves. The reflections of the incident waves at material interfaces govern such

variations in SAR values. Different studies have investigated the SAR variation

for different surrounding materials, such as inside the elevator [171–173], indoor

environment [174–176], and inside transport vehicles [177–180].

The distance between these materials and the human body also significantly in-

fluences SAR levels. As the distance increases, the material’s effect on the electro-

magnetic field weakens, resulting in lower energy absorption by bodily tissues. In

contrast, shorter distances intensify the interaction between the material and the

incident wave, potentially causing higher SAR values in the adjacent tissues. The

interrelation between distance and SAR underscores the significance of materials’

attributes and their spatial proximity in exposure assessments.

Understanding the interaction between these materials and electromagnetic fields

is essential in environments like underground mines, where various metallic struc-

tures and mineral deposits are common. It aids in predicting SAR variations in

different work scenarios and guides the development of safety measures for workers,

as previously investigated in the study by the author [10]. In [10], only concrete

material was considered, and it was observed that the SAR values were marginally

higher than the free space environment. In underground mines, the unique mineral

compositions of ore bodies pose distinct challenges, requiring comprehensive inves-

tigations into SAR variation. Considering diverse material properties, such anal-

yses thoroughly evaluate exposure levels and promote occupational safety across

different environments.

4.5.3.1 SAR Variability Across Different Tunnel Properties

Various materials exhibit distinct electromagnetic properties, including permeabil-

ity, dielectric constant (permittivity), and conductivity, as highlighted by studies

such as [181, 182]. Coal’s dielectric constant, for instance, varies between 10 and

34 in medium frequencies, while it ranges from 3.4 to 3.9 at 9 GHz [181]. Most

rocks possess permeability values akin to that of vacuum (µ0 = 4π × 10−7H/m),
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except for those with elevated concentrations of ferromagnetic metals. Rock dielec-

tric constants span from 2 to 70, more commonly from 4 to 10, and conductivity

ranges from 10−6 S/m to 1 S/m [182]. These attributes generally fluctuate based

on material water content, with conductivity typically rising and the dielectric

constant decreasing as frequency increases [181]. In studies like [183–185], rock

dielectric constants fall within the 4 to 20 range, while conductivity ranges from

10−2 S/m to 10−5 S/m. As a result, a wide spectrum of dielectric constants un-

derwent thorough analysis. The goal was to systematically investigate how these

factors contribute to variations in RF-EMF absorption within the human body.

The permittivity of the rock was systematically altered across three increments,

ranging from 5 to 15, for both the wrist and waistline scenarios, as illustrated in

Figure ??. Notably, the observed SAR variations were negligible as the permit-

tivity of the rock was increased. This finding suggests that changes in the rock’s

permittivity within this range do not significantly influence the SAR values for

both mounting positions of the MIFA antenna.
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Figure 4.19: SAR variability with permittivity of the rock for MIFA placement
on wrist and waistline
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4.5.3.2 Impact of Distance on SAR Variability Between Wearable De-

vices and Tunnel

The distance between a wearable device and the boundary of an underground mine

tunnel is crucial in minimizing exposure risks associated with RF-EMF. The closer

the device is to the boundary, the higher the risk due to increased reflections. To

determine the ideal distance, this study considered distances ranging from 100mm

to 500mm for both wrist and waistline scenarios. The SAR variations with distance

for both placements were investigated, and the results are depicted in Figure 4.20.

The observed SAR fluctuations are minimal for both placements. However, in

the wrist configuration, the SAR value slightly increased at a distance of 300mm,

possibly due to the constructive and destructive interference of RF waves at the

2.4GHz frequency. In contrast, within the waistline setup, the SAR exhibited a

minor decrease when the MIFA antenna was positioned on the backside, suggest-

ing that the RF-EMF source was farther from the tunnel boundary, reducing its

influence.
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Figure 4.20: SAR variability with the distance between body and tunnel
structure for wrist and waistline scenarios.
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4.6 Conclusion

This chapter assesses the SAR for an ESP32-WROOM-based MIFA antenna in

both free space and underground mine tunnel environments. Initially, the MIFA

antenna was designed, and its performance was validated for use as an RF-EMF

source. This type of antenna is widely used in wearable devices and IoT applica-

tions.

SAR values were assessed for the designated mounting positions of the wearable

device in a free space environment, focusing on both wrist and waistline positions

of the MIFA antenna, with a transmission power of 100 mW at a distance of 5

mm. The SAR values were higher for both wrist and waistline scenarios, consistent

with findings from previous studies regarding head exposure [156,158]. Therefore,

it is recommended that RF-EMF exposure from wearable devices be mitigated to

below the ICNIRP threshold of 2 W/kg. Potential mitigation strategies include

redesigning the antenna’s radiating element to reduce SAR values, increasing the

distance between the device and the body, or implementing RF shielding.

The variability of SAR concerning the distance between the body and the RF-EMF

source, power level, and orientation of the MIFA antenna was also investigated.

The SAR values remained below ICNIRP levels at a distance of 12.5 mm between

the MIFA antenna and the body, establishing this as a safe mounting distance for

the wearable device. However, SAR increased with higher transmit power levels,

exceeding ICNIRP limits at the maximum permissible power level. Additionally,

SAR showed only minor variations with the orientation of the MIFA antenna, with

similar trends observed for both wrist and waistline placements. This indicates

that the orientation of the wearable device has a negligible impact on RF-EMF

exposure.

Furthermore, SAR was evaluated in an underground mine tunnel using a LiDAR-

scanned model for different mounting positions of the wearable device. The LiDAR
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models were preprocessed to optimize computational resource requirements with-

out affecting the RF-EMF exposure evaluation. It is evident that when a wear-

able device is positioned close to the tunnel boundary, the RF-EMF reflected from

nearby surfaces is stronger than the reflected signals from more distant bound-

aries, as discussed in [10]. Consequently, the tunnel models were reduced to 1

meter by 1 meter (eight times larger than the wavelength at 2.4 GHz) to facilitate

the investigation of SAR values. The SAR values were slightly higher for both

the wrist and waistline mounting positions, consistent with findings from prior

research [10,11].

The impact of various surrounding environmental parameters was also examined

for different mounting positions. Specifically, the variability of SAR concerning

rock properties, such as the permittivity of the rock and the distance between

the tunnel and the MIFA, was investigated. A range of rock permittivity values

was utilized in the numerical simulations to assess SAR variability. The results

indicated that changes in rock permittivity resulted in only marginal variations

in SAR values for both wrist and waistline scenarios when other parameters were

held constant. Similarly, SAR values showed minimal variation with increasing

distance beyond 100 mm from the tunnel. Therefore, a safe distance of 100 mm

between the tunnel and the wearable device is recommended to mitigate RF-EMF

exposure; however, greater distances result in less reflected signal exposure to the

tissues.



Chapter 5

Assessment of Temperature Elevation in Tissues

Induced by Wearable Device Exposure in

Underground Mine Environment

5.1 Introduction

The investigation of temperature distribution in biological tissues is essential for

wearable devices in underground mines, mainly due to the elevated temperature

of the environment. In the high thermal environment of underground mines, com-

bined with wearable devices, complex interactions occur, affecting both the prop-

agation of RF-EMF and the thermal response of tissues. Consequently, exploring

temperature distribution in biological tissues is crucial, offering a significant per-

spective to understand and address RF-EMF exposure in the thermally intense

environments of underground mines.

5.2 Steady State Thermal Analysis of the Wearable Device

Exposure

Different temperatures of the underground mine environment, such as 40 and

50 0 C, were considered as ambient temperatures exposed to RF-EMF. The hu-

man body’s nominal temperature is approximately 370 C, which is lower than the

working temperature of the underground mine environment. Therefore, it is cru-

cial to investigate the temperature elevation in tissues due to RF-EMF exposure

of wearable devices in high-temperature environments.

87
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In the steady-state thermal analysis, heat conduction is investigated between bod-

ies without considering time constraints, resulting in maximum and minimum

temperature distribution on the bodies. Therefore, in this investigation, the tem-

perature distribution in the tissues was analysed for exposure to wearable devices

in the presence of underground structures for different mounting positions on the

body. In Ansys Workbench, the Steady-state mechanical solver imports geome-

tries, material properties, and electromagnetic loss from the HFSS solver. The

electromagnetic loss was imported from the HFSS solver as volume loss density

(W/m3) and defined as a heat generation source in the Ansys Mechanical solver.

The other boundary conditions, such as convection and radiation, were also as-

signed to the exposed tissues of the setup scenario. The structure of the antenna

and tunnel were ignored as they generated no heat. Further analysis and results

are discussed below:

5.2.1 Steady State Thermal Analysis for Wrist Position of

the Wearable Device

The steady-state Mechanical solver was used to analyze diverse temperature sce-

narios for the wrist-mounted wearable device. The Mechanical solver dynamically

adapts the mesh allocation to the targeted tissues, as illustrated in Figure 5.1.

The mesh utilized linear element order with an element size of 4 mm, generating

124,014 elements for analysis. Results obtained from the HFSS solver were inte-

grated into the mechanical solver, where a heat generation source was assigned, as

shown in Figure 5.2. Notably, the highest imported loss closely corresponded to

the placement of the MIFA antenna on the wrist. The thermal model embraced

convection and radiation boundaries, attributing an ambient temperature of 300 C

to the wrist region. The temperature distribution in the tissues at 300 C is shown

in Figure 5.3. The temperature exhibited an elevation at the centre, precisely

where the MIFA antenna was positioned, gradually decreasing radially from the

centre. The maximum temperature registered within the wrist scenario stood at

31.7350 C. This temperature distribution remained consistent even when subjected
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to varying ambient temperatures of 400 C and 500 C, yielding maximum temper-

ature distributions of 41.7710 C and 51.6720 C, respectively. Thus, the presence

of an RF-EMF source induced the heating and increased the temperature of the

tissues by approximately 1.70 C, which is lower for the ICNIRP [4].

Figure 5.1: Meshing of mechanical solver for the wrist scenario

Figure 5.2: HFSS imported loss in the mechanical solver for the wrist scenario

5.2.2 Steady state Thermal Analysis for Waistline Position

of the Wearable Device

A comparable setup and boundary conditions were implemented to compute the

temperature distribution when a wearable device is affixed to the body’s waistline

position. This investigation considered two distinct mounting orientations of the
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Figure 5.3: Thermal distribution on the wrist at 300 C ambient temperature

MIFA antenna: one at the side and the other at the backside of the miner’s

waistline. Convection and radiation boundaries were assigned to the skin of the

tissues. Notably, the tunnel and antenna structure were excluded, as they do not

influence temperature fluctuations within the tissues. In Figure 5.4, the body

mesh for the scenario with the MIFA antenna positioned at the waistline’s side

comprised 400,642 elements, each with a size of 4 mm. The imported loss was

assigned as the heat generation source, with a value of 0.0588486 W for skin

tissues, as demonstrated in Figure 5.5. The system was solved using an iterative

solver, with an ambient temperature set at 300 C. The temperature distribution

on the skin tissues, as depicted in Figure 5.6, manifested a peak of 31.4090 C. This

temperature distribution exhibited a radial decrease from the central position of

the MIFA antenna. By varying the ambient temperature to 400 C and 500 C, the

corresponding maximum temperature increases in the skin tissues were 41.3670 C

and 51.3670 C, respectively.

Similarly, temperature variations were examined within the skin tissues when the

MIFA antenna was positioned on the backside of the waistline. This scenario

introduced ambient temperature variations while retaining consistent boundary

conditions. As depicted in Figure 5.7, the graphical representation displays the

extremities of the imported electromagnetic loss on the backside of the waistline

location. Notably, the highest loss corresponds precisely to the area where the

MIFA antenna was installed. Additional insight is provided by the temperature

distribution shown in Figure 5.8, showcasing the temperature increase at an am-

bient temperature of 300 C for the identical position. The maximum temperature
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Figure 5.4: Meshing of mechanical solver for the waistline side scenario

Figure 5.5: HFSS imported loss in the mechanical solver for the waistline side
scenario

increase reached 31.2720 C. Similarly, for ambient temperatures of 400 C and 500 C

under the same boundary conditions, the maximum temperature elevation in skin

tissues was 41.2720 C and 51.2720 C, respectively.
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Figure 5.6: Thermal distribution for the waistline side scenario at 300 C
ambient temperature

Figure 5.7: HFSS imported loss in the mechanical solver for the waistline side
scenario

5.2.3 Comparison of Steady-State Thermal Results from

Wearable Device Exposure

Table 5.1 compared the steady-state thermal results between wrist and waist-

line positions across various ambient temperatures within an underground mine

environment. The findings indicate a consistent trend of temperature elevation

due to RF-EMF exposure across different ambient temperatures. Higher ambient

temperatures correspond to increased temperature elevation within tissues. This
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Figure 5.8: Temperature distribution of the MIFA antenna positioned on the
back of the waistline at an ambient temperature of 300 C

trend persists uniformly across all mounting positions examined. The impact of

diverse environmental conditions, such as elevated ambient temperature, seems

to exert minimal influence on the extent of thermal response to RF-EMF expo-

sure within underground mine settings. Notably, at a 300 C ambient temperature,

the elevation in tissue temperature is higher compared to scenarios with ambient

temperatures of 400 C and 500 C. However, the elevation in tissue temperature

decreases as the ambient temperature rises to 400 C and 500 C. Importantly, all

observed temperature elevations remain below the ICNIRP guidelines [4].

Additionally, it is noteworthy that the wrist consistently exhibits slightly higher

temperature elevations than the waistline side and back configurations across all

ambient temperature settings. This observation suggests an increased accumula-

tion of heat in the wrist region.

The analysis of steady-state thermal results provides valuable insights into the

maximum temperature elevation within tissues resulting from higher ambient tem-

peratures and RF-EMF exposure from wearable devices. Despite higher SAR val-

ues observed in specific scenarios, the temperature elevation consistently remains
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within ICNIRP guidelines across all scenarios. Moreover, the maximum temper-

ature elevation in tissues primarily depends on ambient temperature, as temper-

ature elevation in tissues due to RF-EMF exposure remains consistent across all

ambient temperatures.

Table 5.1: Comparison of temperature elevation for wrist and waistline for
different ambient temperature

Mounting position Ambient tempera-
ture (0 C)

Maximum Tem-
perature elevation
(0 C)

Wrist
30 31.735
40 41.771
50 51.672

Waistline side
30 31.409
40 41.367
50 51.367

Waistline back
30 31.272
40 41.272
50 51.272

5.3 Transient Thermal analysis of the wearable device ex-

posure

Transient analysis is pivotal in comprehending the temperature distribution within

biological tissues. Unlike steady-state analysis, which offers insights into equilib-

rium conditions, transient analysis delves into the dynamic nature of temperature

elevation in tissues over time. In the context of RF-EMF exposure within under-

ground mine environments, where the RF-EMF source and the biological response

can vary over time, transient analysis captures the intricate evolution of tempera-

ture patterns. This analysis not only aids in understanding the immediate effects

of exposure but also allows for exploring temporal thermal responses, which can

help predict potential heat accumulations or dissipation trends. Transient anal-

ysis was conducted for the tunnel environment when the wearable device (MIFA

antenna) was mounted on the wrist and waistline side of the miner. Only the
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waistline side position was observed in this analysis, as it consistently provided

higher temperature elevation in tissues and SAR values across all scenarios, as

observed in Chapter 4. The transient analysis was performed solely for a 400 C

ambient temperature, as the observed trends remained consistent across other

ambient temperatures.

5.3.1 For 1 hour of RF-EMF exposure

The exploration of temperature dynamics over time was facilitated by utilizing a

transient thermal solver. Within this solver, the RF-EMF exposure and analysis

duration was set at 1 hour, while the loss, imported from HFSS, served as the heat

generation source. The tunnel and MIFA antenna structure were omitted as they

do not contribute to heat generation. Two wearable device mounting positions

on the miner’s body were simulated, encompassing the wrist and waistline. As

demonstrated in Figure 5.9, a temperature variation in the skin tissues of the

wrist over 3600 seconds (1 hour) within a 400 C ambient temperature setting.

Notably, the temperature of the skin tissue progressively increases with time. The

culmination of this behaviour resulted in a peak temperature of 41.4610 C at

3600 seconds for the wrist scenario. This escalating temperature trajectory reflects

the ongoing thermal accumulation within the skin tissues until they eventually

attain thermal equilibrium conditions, i.e., the maximum of 41.771 as observed in

steady state analysis.

The temperature variation was also observed for the waistline position of the

MIFA antenna at 400 C for 1 hour (3600 s), as shown in Figure 5.10. It can be

seen that the temperature starts increasing with time, and at 3600 s, it reaches the

maximum of 40.0420 C. The variance in temperature elevation observed between

wrist and waistline skin tissues is attributed to the discrepancy in imported loss

and subsequent variation in SAR values, influenced by differences in body shape,

as discussed in the preceding chapter.
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Figure 5.9: Time vs. temperature variation in the skin tissues of the wrist for
exposure of 1 hour with the ambient temperature of 400 C

Figure 5.10: Time vs. temperature variation in the skin tissues of the waistline
for 1 hour with an ambient temperature of 400 C
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5.3.2 For 5 hours of exposure

The RF-EMF exposure duration was adjusted to 5 hours (18000 s) for both wear-

able device placements at 400 C ambient temperature. Notably, in both the wrist

and waistline positions, the rate of temperature increase began to level off around

4.167 hours (15000 s), as depicted in Figure 5.11 and Figure 5.12. The highest

temperature elevation observed in skin tissues reached 41.6640 C for the wrist and

41.170 C for the waistline configuration.

Figure 5.11: Time vs. temperature variation in the skin tissues of the wrist
for 5 hours with an ambient temperature of 400 C

5.3.3 For 8 hours of exposure

In this instance, the RF-EMF exposure duration was extended to 8 hours. We

investigated tissue temperature rise in both wrist and waistline configurations at a

400 C ambient temperature, depicted in Figure 5.13 and Figure 5.14. Remarkably,

the temperature rise displayed minimal alteration between the 5-hour and 8-hour

RF-EMF exposures, indicating the attainment of a thermal equilibrium state. The

highest temperature increase observed at the 8-hour mark reached 41.6730 C for

the wrist scenario and 41.1830 C for the waistline configuration.
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Figure 5.12: Time vs. temperature variation in the skin tissues of the waistline
for 5 hours with an ambient temperature of 400 C

Figure 5.13: Time vs. temperature variation in the skin tissues of the wrist
for exposure of 8 hours with ambient temperature of 400 C
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Figure 5.14: Time vs. temperature variation in the skin tissues of the waistline
for 8 hours with an ambient temperature of 400 C

5.4 Comparison of the Results

Our study found that high ambient temperatures do not affect the thermal re-

sponse to RF-EMF exposure in underground mine environments. This result is

consistent with a prior study [25] that examined the impact of ambient temper-

ature, humidity, and clothing on RF-EMF-induced thermal load, showing similar

trends. Although our study did not consider the effects of clothing and humidity,

we still observed consistent patterns. In [25], the researchers evaluated the thermal

impact of RF-EMF by varying the SAR values, which captured the realistic charac-

teristics of the RF-EMF source, including frequency, transmit power, orientation,

and mounting positions. This approach limits the comparison with our study, as

we kept these parameters the same. In another study by Moore et al. [24], the

thermal profile of a finely discretized human body model was assessed, taking into

account a 1 GHz RF-EMF at occupational safety limits in adverse environmental

conditions such as high humidity and ambient temperature. This study found

that while electromagnetic fields contribute to tissue temperature elevation, the

impact is overshadowed by environmental factors and clothing type. Additionally,
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the study compared exposure limits, as it assessed RF-EMF exposure at 1 GHz

without considering the characteristics of surrounding objects.

5.5 Conclusion

The temperature elevation in tissues resulting from RF-EMF exposure of wear-

able devices was investigated under varying high ambient temperatures typical of

underground mine environments. The evaluation focused on different mounting

positions of the wearable device on the body, specifically the wrist and waistline.

The SAR values obtained were used as heat sources in ANSYS Mechanical, where

ambient temperatures relevant to the underground mine environment were set to

assess temperature distribution in the tissues. The maximum temperature eleva-

tion in the tissues was calculated using the steady-state thermal solver in ANSYS

Mechanical. This solver assumes an infinite time frame, providing a temporal

and maximum temperature distribution for tissues exposed to RF-EMF from the

wearable device.

The results indicated that the hotspot for temperature distribution is located di-

rectly beneath the RF-EMF source, specifically below the antenna of the wearable

device. The maximum temperature elevation in the skin tissues was below the

ICNIRP limits [4] for all mounting positions of the wearable devices. Notably,

the temperature elevation was higher for the wrist mounting than the waistline

position. However, the backside of the waistline exhibited lower temperature el-

evations in the tissues, suggesting that this is a preferable mounting location on

the waistline. Overall, the wrist is the optimal position for the wearable device,

as peripheral tissues have higher tolerance levels for RF-EMF exposure regarding

both SAR and temperature elevation.

Moreover, the varying thermal loads of the surrounding environment did not affect

the temperature elevation in the tissues resulting from RF-EMF exposure from the

wearable device. The temperature elevations for the wrist, side waist, and back-

side mounting positions were recorded at 1.7◦C, 1.4◦C, and 1.27◦C, respectively,
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regardless of the ambient temperatures of 30◦C, 40◦C, and 50◦C. This suggests

that the temperature increase in tissues due to RF-EMF exposure is independent

of the ambient temperature. However, it is essential to note that ambient tem-

perature does act as a thermal load that can elevate the core temperature of the

tissues.

Similarly, a transient thermal analysis of RF-EMF exposure from the wearable

device was conducted to assess long-term exposure in underground mine settings.

The Ansys Mechanical transient solver was employed to investigate temperature

elevation in tissues over time for different ambient temperatures typical of under-

ground environments. The results indicated that the tissue temperature reached

its maximum elevation within one hour of continuous RF-EMF exposure from the

wearable device. Notably, the analysis showed that most of the temperature rise

occurred during the first hour of exposure, with the temperature curve stabilizing

into a horizontal line thereafter, indicating minimal further elevation. Thus, it can

be concluded that the maximum temperature rise occurs within the first hour, af-

ter which the tissues maintain thermal equilibrium. This study underscores the

importance of considering antenna placement, environmental factors, and ambient

temperature when assessing tissue response to RF-EMF exposure, particularly to

ensure safety in confined environments like underground mines.



Chapter 6

Background: Supervised Machine Learning

This chapter introduces machine learning (ML) and classifies it into different cate-

gories. It also discusses the need for supervised ML models and their performance

metrics to validate the output predictions. Different supervised ML models, such

as random forest, XGBoost, linear regression, K nearest neighbor, and support vec-

tor machine, are explained using their hyperparameters and performance. Lastly,

it explains the issues with supervised ML models.

6.1 Introduction

ML is a sub-field of Artificial Intelligence (AI) that uses algorithms to solve re-

gression and classification problems. It allows systems to learn from available data

and predict the output for unseen data. The algorithms used in ML are designed

to perform specific tasks efficiently, using predefined mathematical models that

learn from available data samples called ”training data”. ML is divided into three

categories: supervised, unsupervised, and reinforcement learning. In supervised

ML, the output of the models is known, i.e., labelled, whereas in unsupervised

ML, the output is not labelled. This study focuses on supervised ML, given that

the data for predicting SAR and temperature elevation in tissues due to RF-EMF

exposure from the MIFA is labelled. It means that the outputs are known to have

regression problems. Therefore, we will exclusively discuss supervised ML.

102



Chapter 6. Background: Supervised Machine Learning 103
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Figure 6.1: Major categories of machine learning.

6.2 Supervised Machine Learning

In ML, each instance in a dataset is typically represented using a consistent set of

features (inputs), which may vary in nature, such as continuous, categorical, or bi-

nary. Supervised learning occurs if the correct outputs, known as labels, represent

the instances. In contrast, unsupervised learning involves instances lacking such

labels. Through the application of unsupervised algorithms, particularly clustering

algorithms, researchers aim to unveil previously unknown but potentially valuable

classes of items [186]. Numerous ML applications revolve around tasks that can

be framed as supervised learning. In supervised machine learning, the model is

provided with the data features and tasked with predicting the labelled output,

as illustrated in Figure 6.2. Various ML models can be employed, including linear

regression, random forest, and gradient boost.

Model

f(x,y)

Feature Vector

(x)
Label

(y)

OutputInput

Figure 6.2: Supervised machine learning model.
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Supervised ML problems can be broadly classified into regression and classification

problems, as shown in Figure 6.3. Regression involves tasks that aim to forecast a

numerical value output using unseen input data, whereas classification problems

predict a discrete value output (Class label) [187].

Regression Classification

Supervised 

Machine Learning

Figure 6.3: Types of Supervised machine learning.

Regression techniques permit the discovery of correlations between variables and

predictions of continuous values based on these variables [188]. The problem is also

referred to as regression when the output is continuous. The input variables (X)

are mapped to the dataset’s continuous outputs (Y) in regression and predicted

for unknown input variables. The regression can be further divided into two main

categories: simple and multiple linear regression, as shown in Figure 6.4. In simple

linear, a single line represents the relationship between the input (X) and output

(Y). In contrast, multiple linear regression is further divided into linear and non-

linear based on the output relation of the input and output [189].

The problem is called classification when the models’ output is in a categorical

form. The dataset instances are categorized according to specified classes in classi-

fication problems [188,190]. Classification can be performed on both unstructured

and structured datasets. The dataset is classified into some given label or category,

and for new input instances, the class or label will be assigned to it using different

techniques. A classifier is an algorithm that learns from the training data set
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Figure 6.4: Categories of the regression.

and then assigns new data points to a particular class. The classification model

concludes a valid mapping function from the training dataset and predicts the

new data class based on mapping functions. The classification task can be further

divided into binary classification or multi-label classification. In binary classifi-

cation, the data is classified into two possible outcomes. For example, weather

forecast (it will rain or not), and email filter (whether email is spam or not). In

multi-label classification, data is classified into two or more possible outcomes. For

example, to classify the students’ performance into good, average, and poor.

6.2.1 Performance Metrics of Supervised ML Models

In ML regression problems, the models learn to predict continuous output values.

The regression model is constructed using historical data. In the end, it defines a

mathematical model that approximately fits all points in the dataset to predict the

output for unseen data. The performance of the ML model can be evaluated using

Mean Absolute Error (MAE), Root mean square error (RMSE), and R-squared

error.

In this study, MAE, RMSE, and R-squared were used to compare the performance

of the machine learning models in predicting SAR and temperature elevation in



Chapter 6. Background: Supervised Machine Learning 106

skin tissue. These metrics were selected for the valuable insights they provide

during model training. Specifically, MAE and RMSE offer distinct perspectives

on prediction errors: MAE reflects the average magnitude of errors, while RMSE

places more emphasis on larger errors, making it particularly useful for identifying

outliers. Additionally, the R2 metric indicates the proportion of variance explained

by the model, helping to assess the overall fit and effectiveness of the model.

6.2.1.1 Root Mean Square Error

The RMSE is commonly employed to calculate the sum of regression errors for each

point in the dataset during each learning iteration. A reliable regression model

depends on identifying the most suitable hypothetical function by minimizing the

RMSE error as much as possible. The RMSE is the square root of the average

squared distance between the actual and predicted value [191].

RMSE =

√∑n
i=1(yi − ŷi)2

n
(6.1)

where, n denotes the number of data points, yi represents the actual value, ŷi

represents the predicted value.

6.2.1.2 Mean Absolute Error

Mean Absolute Error (MAE) measures how close forecasts or predictions are to the

actual outcome [192]. MAE is computed by adding the absolute difference between

the actual and predicted values for each observation over the entire array and

dividing the result by the number of observations in the array [193], as expressed

in Eq. 6.2. It determines how prediction errors vary from one predicted to the

next.

MAE =
1

n

n∑
i=1

|yi − ŷi| (6.2)
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6.2.1.3 R-squared Error

R squared, also called the coefficient of determination, evaluates the extent of

variation in predictions. It establishes the relationship between changes in a de-

pendent variable and changes in an independent variable. However, it provides

insights into whether the chosen model is outstanding or poor and indicates if the

data and predictions are biased. The expression for R squared can be written

as [194]:

R2 = 1 −
∑n

i (y − ŷi)
2∑n

i (y − ȳi)2
(6.3)

6.3 Supervised Learning Regression Models

The section below discusses supervised learning regression models.

6.3.1 Linear Regression

In statistics, linear regression models the relationship between a numerical output

and one or more explanatory factors, also known as dependent and independent

variables. It is a linear approach that aims to capture and quantify the linear

relationship between these variables [193]. When dealing with one or more input

variables, an iterative method can improve the coefficient values by minimising

the model’s error on the training data. It involves adjusting the coefficients to

minimise the difference between the predicted and actual values (known as gradient

descent), thereby refining the model’s performance on the training dataset. This

process continues until the squared error is reduced to its minimum value. For

example, for a given set of inputs, consider a linear equation with a set of input

variables (X) resulting in output variables (Y). The line represents one scaling

factor to every input, known as the coefficient; it includes another coefficient, the

intercept. LR model involves estimating the coefficient values used to illustrate

available data [195]. Figure 6.5 characterises the relationship between data points
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and the LR line, which is crucial for understanding how well the model fits the

data.

Figure 6.5: Linear regression.

A simple linear regression model can be represented in mathematical terms as

[196]:

Y = α + βX (6.4)

where X is the independent variable, Y is the dependent variable, α and β are

linear coefficients. For multiple linear regression model, the above model can be

written as [196]:

Y = θ0 + θ1x1 + θ2x2 + .... + θnxn (6.5)

where θ0, θ1, . . . , θn represent the coefficients corresponding to the features indexed

from 1 to n.

6.3.1.1 Learning Model

1. Simple linear regression: A single input is utilised to estimate the coefficient

in the models. It includes calculating statistical parameters such as standard

deviations, mean, correlations, and covariance [195].



Chapter 6. Background: Supervised Machine Learning 109

2. Ordinary Least Squares (OLS): This technique is employed when multiple

coefficients are necessary for calculation. This approach aims to minimise

squared residuals’ summation for a given regression line. It involves calcu-

lating the distance from every data point to the regression line, squaring

these distances, and summing all the squared errors. By treating the data

as a matrix, linear algebra techniques are applied to compute the coefficient

values [197].

3. Gradient descent: Optimizing the coefficient values involves iteratively min-

imizing errors in the training data, known as gradient descent when dealing

with multiple input values. It begins with random values assigned to each

coefficient, and for every input-output pair, the sum of squared errors is

calculated. The coefficient values are then updated in a manner that re-

duces the error. This iterative process continues until either a minimum

sum-squared error is reached or further progress becomes unattainable (no

minimization of error is possible) [197].

4. Regularization: It includes minimizing the sum squared error on the training

data using OLS and also decreases the complexity in the model. These

approaches are considered adequate when the input values are collinear, and

traditional OLS regression tends to over-fit the training dataset [197].

6.3.2 K Nearest Neighbors

K-Nearest Neighbor (KNN) is employed when feature vectors are continuous [194].

KNN operates by storing existing data and making predictions for new data based

on similarities with its neighbours. This method effectively handles noisy data and

finds applicability in various real-world scenarios. However, its computational ex-

pense arises from repetitively calculating the distance to the k nearest neighbours

for each new data point [189].

The KNN regressor learns by comparing the given test instances with the training

set, utilizing the similarities between data points to make predictions for new
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instances [198]. For example, T = (x1, y1), (x2, y2),...,(xN , yN) is the training set

with distance metrics d, N is the number of instances, where xi = (xi1, xi2,....,xim)

is the ith instance denoted by m attributes for output yi. For a test instance x,

the kNN regressor computes the distance (di) between x and each instance xi in

the training set T. Subsequently, it sorts the distances di in ascending order. If di

ranks in the ith place, then the instance corresponding to the distance di is referred

to as the ith nearest neighbour NNi(x), and its output is denoted as yi(x) [198]. For

an unknown pattern x
′
, the KNN model predicts the output for a new instance by

computing the mean of the function values of its K-nearest neighbours [199]:

fKNN(x
′
) =

1

K

∑
i∈NK(x′ )

yi (6.6)

where NK(x
′
) contains the indices of the K-nearest neighbors of x

′
.

The number of neighbours k in KNN significantly impacts model flexibility and

generalization. Smaller k values lead to more complex models with low bias but

high variance, which are prone to overfitting. Larger k values result in smoother

decision boundaries with lower variance but potentially higher bias, balancing

underfitting. Choosing an appropriate k involves considering the bias-variance

trade-off, computational efficiency, and data distribution [199]. Figure 6.6 shows

the variation of the k value on the prediction of the KNN regressor.

(a) (b)

Figure 6.6: Illustration of KNN regression for (a) K = 1 and (b) K = 5
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6.3.3 Support Vector Machines

While Vapnik initially proposed Support Vector Machines (SVMs) in the late

1960s, they received significant attention in recent years when they emerged as a

promising estimator in data-driven fields [200]. SVM can be used for both clas-

sification and regression problems. Support Vector Regression (SVR) works by

finding a hyperplane that best fits the data while minimizing the error between the

predicted and actual values, subject to a user-defined tolerance margin. SVR uti-

lizes a subset of training points in its decision function to maximize the minimum

distance from the hyperplane to neighbouring sample points. It effectively ad-

dresses overfitting by employing appropriate kernel functions (KF). These kernels

transform original non-linear observations into a higher-dimensional space, enhanc-

ing data separability. The SVR’s searches for a fitting function f(x) = ⟨w, x⟩ + b,

with small value ϵ from the target (yi) for training data set (xi). The KF is based

on the radial basis function (RBF) [195, 201]. The KF is defined as the inner

product of the transformed input-feature vectors:

K(xi, xj) := ⟨ϕ(xi) | ϕ(xj)⟩ (6.7)

The optimization of this cost function is considerably simplified by introducing ker-

nel notation. Rather than explicitly designing a mapping function, transforming

the data, and subsequently computing inner products, the SVR approach defines

the kernel as a function of the input feature vector. Commonly considered KFs in

SVM applications include [200]:

Klinear(x, x
′
) = x, x

′

Kpolynomial = (γxx
′
+ r)ρ

KRBF (x, x
′
) = exp(−γ ∥ x− x

′ ∥2)

Ksigmoid(x, x
′
) = tanh(γxx

′
+ r)

SVR is a powerful regression technique that can capture complex relationships
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in data, especially when combined with appropriate kernel functions and hyper-

parameter tuning. Unlike KNN, the accuracy and performance of the SVR are

independent of the size of the data set [202]. Figure 6.7 shows the SVR with RBF

KF for data different tolerances.

(a) (b)

Figure 6.7: Illustration of support vector regressor with radial basis function
kernel function for epsilon (a) 0.01 and (b) 0.1

6.3.4 Random Forest

Random Forest (RF) regression technique leverages the collective performance of

multiple Decision Tree (DT) algorithms to classify or predict the value of a variable

[203]. When RF receives the input vector (x) consisting of different training data

features, RF constructs K number of regression trees and averages the results.

After K such trees T (x)k1 are grown, the RF regression predictor is given as [200]:

f̂K
rf (X) =

1

K

K∑
k=1

T (x) (6.8)

To prevent the correlation among different trees, RF enhances the diversity of the

trees by growing them from various training data subsets generated through a

technique called bagging. The bagging technique trains data by resampling ran-

domly and replacing the original dataset. This makes it robust when facing slight

variations in the input dataset and improves the prediction accuracy [203]. On the
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contrary, when RF constructs a tree, it selects the best feature/split point within a

randomly chosen subset of evidential features from the overall set. This approach

can weaken the strength of individual trees but reduces the correlation between

them, thus minimizing generalization error [203]. Furthermore, the samples not

chosen for training the kth tree in the bagging process are included in another

subset called out-of-bag (oob). These oob elements can be utilized by the kth tree

to evaluate its performance [204].

RF also offers an evaluation of the relative importance of various evidential fea-

tures. This capability is valuable in multi-source studies with high data dimension-

ality, where understanding the influence of each feature on the prediction model

aids in selecting the most effective ones [205]. Figure 6.8 shows the RF regressor

predictions with 100 estimators.

Figure 6.8: Random Forest Regressor with 100 tree estimators.

6.3.5 XGBoost

Chen and Guestrinis recently introduced eXtreme Gradient Boosting (XGBoost),

a cutting-edge algorithm [206]. XGBoost functioning as an ensemble learning

method employs gradient-boosted decision trees specifically crafted to enhance

both speed and performance [207]. XGBoost aimed to enhance the computational
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resources available for boosted tree algorithms. The Gradient Boosting technique

employs a loss function that needs adjustment to tackle specific challenges. This

loss function is referred to as cross-entropy for classification tasks, while it is termed

MSE for regression problems. Utilizing a weak learner to generate predictions and

an additive model to merge weak learners, XGBoost leverages the addition of

weak learners to minimize the loss function and rectify residual errors from prior

trees [208]. Gradient boosting involves the creation of new models to predict the

errors of previous models, which are then combined to provide the final prediction.

The term ”gradient boosting” derives from using a gradient descent approach to

diminish or minimize loss while incorporating new models.

Achieving optimal performance requires careful tuning of the model. Tuning XG-

Boost can be particularly challenging due to the multitude of its hyper-parameters.

These parameters can be categorized into general, booster, learning task, and com-

mand line parameters. Tuning can be conducted through either grid or random

search methodologies [209].

According to the original framework of gradient boosting [210], it employs K ad-

ditive trees to approximate the output as follows [211]:

ŷi =
K∑
k=1

fk(Xi), fk ∈ F (6.9)

Where fk is the independent classification and regression tree (CART) at each k

step, map the input variables Xi to yi, and F is the space of functions containing

all CARTs. XGBoost aims to minimize the regularized objective function defined

as follows:

obj =
n∑

i=1

ι(yi, ŷi +
K∑
k=1

Ω(fk), fk ∈ F (6.10)

Here, Ω(f) = γT + 1
2
λ
∑T

j=1 w
2
j . The regularized objective function comprises

two components: the training loss function ι and the regularization term Ω. The

training loss ι quantifies the disparity between the predicted value ŷi and the actual

value yi. Meanwhile, the regularization term Ω assesses the model’s complexity,
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thereby facilitating the refinement of the learned weights to prevent overfitting

[211].

6.4 Issues of Supervised Learning Algorithms

The first step in supervised ML is to deal with a dataset. Experts may sug-

gest carefully selecting features to optimize training on a dataset. In cases where

specialized expertise is lacking, resorting to a ”brute-force” approach involves as-

sessing all available features to identify the most informative and relevant ones.

However, datasets gathered via the ”brute-force” method are not conducive to

effective modelling. They often contain noise and missing feature values, thus re-

quiring thorough preprocessing to mitigate these issues [212]. In the subsequent

phase, data preparation and preprocessing are pivotal stages in supervised ma-

chine learning. Researchers play a crucial role in executing these tasks effectively.

Different researchers have proposed various techniques to address the challenge of

missing data. Hodge and Austin conducted a comprehensive survey of contem-

porary techniques for outlier (noise) detection [213]. Additionally, Karanjit and

Shuchita provided insights into different outlier detection methods employed across

diverse machine-learning applications [214]. Furthermore, Escalante conducted a

comparative analysis of six outlier detection methods through experiments con-

ducted on benchmark datasets and a synthetic astronomical domain [215].

6.5 Deep Learning Models

In 1980, due to invention of efficient deep learning (DL) models and network

structures deep learning models became a prevalent topic in the area of ML and

Artificial Intelligence (AI) [216]. DL models have grown dramatically in terms of

performance in a wide range of applications in day-to-day life. The DL techniques

can play a key role in building intelligent data-driven systems according to today’s

needs, because of their excellent learning capabilities from historical data and

provide fast and efficient solution. Consequently, DL can change the world as
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well as humans’ everyday life through its automation power and learning from

experience [217]. There are various DL models available used for different type

of data. In this study, Convolutional Neural Network (CNN), Fully Connected

Neural Network (FCNN), Recurrent Neural Network (RNN) and Long short-term

memory (LSTM) were discussed briefly.

6.5.1 Convolutional Neural Network (CNN)

The Convolutional Neural Network (CNN) is a popular discriminative DL ar-

chitecture that learns directly from the input without the need for human feature

extraction. Figure 6.9 shows an example of a CNN including multiple convolutions

and pooling layers. Each layer in CNN takes into account optimum parameters

for a meaningful output as well as reduces model complexity. CNN also uses a

dropout that can deal with the problem of over-fitting, which may occur in a tra-

ditional network. CNN are specifically intended to deal with a variety of 1D and

2D shapes, and are thus widely employed in visual recognition, medical image

analysis, image segmentation and natural language processing [218].

Figure 6.9: Example of the CNN model showcasing multiple layers, including
the input and output sizes for each layer.
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6.5.2 Recurrent Neural Network (RNN)

Recurrent Neural Network (RNN) are suited for sequential inputs like speech and

text and generating sequence. RNN is a type of artificial neural network having

the structure of feed-forward neural network. The directed cycles in RNN allows

the information to be circulated in the network so that the output of each time is

not related to the input at present but related to the input at previous timestamps

[219].

The traditional RNNs deal with time series data having serious problem about

gradient vanishing in process of back propagation. Therefore, RNN can only be

used for short term memory. Figure 6.10 shows the simple RNN model which

consists of a single SimpleRNN layer with 50 units to process sequential data,

followed by a Dense output layer for regression. It takes input sequences of shape

10 time steps and 4 features and outputs a single numerical value.

Figure 6.10: Example of the RNN model showcasing multiple layers, including
the input and output sizes for each layer.

6.5.3 Long short-term memory (LSTM)

To address the issue of the back-flow of memory in RNNs, Hochreiter and Schmid-

huber (1997) proposed Long Short-Term Memory (LSTM) [220]. A memory cell

in an LSTM unit can store data for extended periods, with the flow of information

into and out of the cell regulated by three gates. The Forget Gate decides which

information from the previous cell state should be retained and which should be

discarded as no longer relevant. The Input Gate determines which new information
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is incorporated into the cell state, while the Output Gate controls the information

transmitted as output. Figure 6.11 shows the simple LSTM model consists of a

single LSTM layer with 50 units to process sequential data, followed by a Dense

output layer for regression. It accepts input sequences with a shape of 10 time

steps and 4 features, and outputs a single numerical value.

Figure 6.11: Example of the LSTM model showcasing multiple layers, includ-
ing the input and output sizes for each layer.

6.5.4 Fully Connected Neural Network (FCNN)

A Fully Connected Neural Network (FCNN) is a type of artificial neural network

where each neuron in one layer is connected to every neuron in the next layer. In

the input layer, each neuron represents a feature of the data. The input is then

processed through one or more hidden layers, consisting of neurons that perform

computations and extract patterns. The output layer produces the network’s

prediction. The main characteristic of an FCNN is that information flows in

a single direction—from the input layer to the output layer—without loops or

cycles, enabling the model to learn complex relationships. Figure 6.12 illustrates

an example of a simple FCNN model, showing the input and output shapes for

each layer.
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Figure 6.12: Example of the FCNN model showcasing multiple layers, includ-
ing the input and output sizes for each layer.



Chapter 7

Prediction of SAR & Temperature Elevation in

Tissues using Machine Learning

7.1 Introduction

This chapter explored the application of supervised ML models for predicting SAR

and temperature elevation in tissues, considering diverse parametric variations.

Different ML models were implemented such as RF, XGBoost, LR, KNN, SVM,

CNN, LSTM, FCNN, RNN and a hybid model of CNN-LSTM. These models were

implemented to predict the SAR and temperature elevation in the tissues.

ML models offer several advantages over traditional numerical simulations. Once

trained on relevant datasets, they can accurately predict SAR and temperature

elevation, bypassing the need for extensive computational simulations. Further-

more, ML models excel at distilling complex relationships from data, providing a

streamlined approach to understanding the interactions between RF-EMF expo-

sure and tissue responses.

Throughout this chapter, we evaluate the performance of various ML models using

different performance metrics. Additionally, a t-test was employed to validate our

results’ reliability. By systematically assessing the predictive capabilities of ML

models and conducting statistical validation, we aim to provide a comprehensive

understanding of their effectiveness in predicting SAR and temperature elevation

in tissues.

120
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7.2 Consideration of RF-EMF Exposure Parameters for

Machine Learning

This study focuses on pivotal parameters linked to RF-EMF exposure near the

MIFA in proximity to humans. The findings presented in Chapter 4 and sup-

ported by existing literature establish that SAR variability is affected by parame-

ters linked to the characteristics of RF-EMF sources. Similarly, Chapter 5 under-

scores the significance of the ambient temperature and the duration of exposure

as pivotal factors influencing temperature elevation. Hence, it is imperative to

consider these critical factors that influence RF-EMF exposure when making pre-

dictions regarding SAR and temperature elevation. Further details regarding the

RF-EMF exposure parameters are discussed below.

7.2.1 Parameters for SAR Predictions

The SAR variation is notably influenced by several factors, including the distance

between the RF-EMF source and the exposed tissues [26,97]. Likewise, variations

in the transmit power levels of RF-EMF significantly contribute to the variation

in SAR values [10]. Additionally, the frequency of the RF-EMF source emerges

as a critical influence on SAR values, typically exhibiting higher values for high

frequencies with reduced penetration [10]. Moreover, the mounting position on

the body, antenna structure, tissues’ dielectric properties, and RF-EMF source’s

orientation also impact the SAR value.

The variation in frequency was not studied due to the operational constraints of the

MIFA, which operates within a single band (2.4 GHz), and the investigation solely

focused on the MIFA antenna. Furthermore, the impact of dielectric properties

was beyond the scope of this study due to the single frequency of 2.4 GHz utilised.

Different mounting positions on the body, orientation of the antenna, and power

level were also considered in the study. The parameters used in ML for SAR

prediction are outlined below:
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• Distance between MIFA and body.

• Power level of MIFA.

• Orientation of the MIFA.

• Mounting position on the body.

Identifying these parameters establishes the groundwork for predicting SAR through

ML, offering valuable insights into the complex interaction dynamics between RF-

EMF exposure and its various influencing factors.

7.2.2 Parameters for Temperature Elevation Predictions

The temperature increase in tissues due to exposure to RF-EMF is mainly influ-

enced by the characteristics of the RF-EMF source, such as frequency and power

level. In addition, the vital parameters that affect the temperature elevation in

tissues due to RF-EMF exposure include the ambient temperature during expo-

sure and the duration of exposure. RF-EMF sources increase the thermal load

on tissues, causing their temperature to rise [24, 25]. Furthermore, the duration

of exposure also plays a significant role in determining the extent of temperature

elevation in tissues [221]. Therefore, this study considers different ambient tem-

peratures within an underground mine and the duration of RF-EMF exposure

to predict the temperature elevation in tissues for various mounting positions of

MIFA.

7.3 Data Collection and Preprocessing

7.3.1 For SAR Predictions

The data was collected by varying the associated RF-EMF exposure parameters

to predict SAR. The considered parameters were varied, and SAR was reported

using numerical simulations. The distance was varied for 5 mm, 10 mm and
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15 mm, whereas the power level was varied from the minimum transmit power

level (0.01 W) to the maximum allowed power level at 2.4 GHz (0.1 W). The

orientation of the MIFA was varied for 00, 300, 600 and 900, as these angles yielded

comparable responses to other orientations of the MIFA. Two mounting positions,

wrist and waistline, were selected for SAR predictions, as the focus of this study

was specifically on investigating SAR for these commonly used positions, which are

prevalent in wearable device applications. The variation of considered parameters

is summarised below:

• Distance between MIFA and body: 5 mm, 10 mm and 15 mm (3 variations)

• Power level of MIFA: 1 mW, 50 mW and 100 mW (3 variations)

• Orientation of the MIFA: 00, 300, 600 and 900 (4 variations)

• Mounting position on the body: wrist and waistline side (2 variations)

HFSS simulations were performed using Optimetrics to explore parametric varia-

tions for all the above parameters for SAR values. Each mounting position of the

MIFA generates 36 (3× 3 × 4) parameter combinations. Therefore, a total of 72

(3×2×4×2) sets were analysed, encompassing both wrist and waistline positions

for SAR predictions. The maximum average SAR10g averaged over 10 grams of

tissues was recorded as an output parameter, referred to as SAR in this study.

The collected data, comprising transit power level, distance, orientation, and

mounting position, was consolidated into a single file, with SAR designated as

the output parameter for ML models. This unified dataset provides the necessary

inputs and corresponding output for training and evaluating ML algorithms to

predict SAR levels based on various factors such as power level, distance, orienta-

tion, and mounting position. The ML models are trained using a portion of the

(training) dataset and then evaluated for their performance using the remaining

(test) data.
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7.3.2 For Temperature Elevation Predictions

The data collection process involved systematically varying the parameters dis-

cussed in the previous section to predict temperature elevation using ML models.

Typical ambient temperatures of the underground mine environment were consid-

ered for the RF-EMF exposure scenario, with a fixed time duration of 8 hours.

Results discussed in Chapter 5 revealed that tissue temperature elevation tends

to reach equilibrium following continuous RF-EMF exposure. Consequently, after

8 hours of exposure, the elevated tissue temperature remains constant under con-

sistent RF-EMF exposure conditions. Hence, for the RF-EMF exposure duration

in this study, a fixed time duration of 8 hours was utilised.

In this study, two mounting positions of the MIFA were examined under ambient

temperatures of 400 C and 500 C. The RF-EMF exposure calculations were con-

ducted at intervals of 10 seconds over a total duration of 8 hours. The Mechanical

solver within Ansys Workbench was employed to assess parameter variations and

determine the maximum temperature elevation in skin tissues. Input features for

the ML models included mounting positions (wrist and waistline), time duration

(10 sec), and ambient temperature (400 C and 500 C), while the maximum tem-

perature served as the output for implementing the ML model. A total of 115,200

data points were generated for temperature prediction using ML models and used

for training and testing datasets for the ML models.

7.4 Implementation of Machine Learning Models for SAR

Prediction

7.4.1 Data Splitting for Machine Learning Models

The first step in implementing the ML models is splitting the data into train

and test data. Splitting the data into training and testing sets was essential

for assessing the ML performance on unseen data, thus avoiding over-fitting and
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providing insights into its generalisation capabilities. Additionally, this process

facilitates the comparison of various machine learning models’ performances.

The data was divided into a 70% training dataset and a 30% dataset designated for

testing and validating the ML model. The data was split randomly, ensuring that

each subset (training, testing, and validation) contained a representative sample

of the overall dataset. This random splitting helps prevent bias and ensures the

model was evaluated on diverse data points. Random data splitting can introduce

biases due to class imbalance and temporal or spatial structure, thus impacting

model evaluation. Cross-validation (CV) techniques were implemented to mitigate

this issue and ensure fair and consistent performance assessment of ML models.

7.4.2 Grid Search for Hyper Parameter Tuning

Grid search is a widely used method for hyperparameter optimization in machine

learning models [222]. In this approach, a finite set of possible values is defined

for each hyperparameter, and the algorithm performs an exhaustive search by

evaluating the Cartesian product of these value sets [223]. Hyperparameters can

be categorical, Boolean, real-valued, or integer-valued, each contributing to the

dimensionality of the grid. A key drawback of grid search is its inefficiency in high-

dimensional spaces, as the number of evaluations grows exponentially with each

additional hyperparameter, a challenge known as the ”curse of dimensionality”

[224].

When there are k parameters, each with n possible values, the computational com-

plexity of grid search grows exponentially at a rate of O(nk) [225]. Consequently,

grid search is only practical when the hyperparameter space is relatively small. In

scikit-learn, the GridSearchCV function can efficiently apply grid search to iden-

tify optimal hyperparameters [226]. To reduce overfitting and bias in the machine

learning models, different k-fold cross-validation (CV) methods were implemented.

Comparisons were made for 5, 10, and 15-fold CV to determine the most effective
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configuration. Table 7.1 presents the hyperparameters evaluated for each model

to achieve the best performance.

7.4.3 Random Forest for SAR Predictions

The data for SAR predictions was trained using the RF regressor model. Model

performance was assessed using the MAE, RMSE, and R2 parameters. The RF

relies on decision trees as estimators, significantly impacting the model’s perfor-

mance. Usually, values ranging from 10 to 100 are commonly employed, with the

exact choice influenced by the data complexity and the specific task. However,

experimentation was essential for determining the optimal number of estimators

tailored to a specific dataset. Other hyperparameters are maximum depth and a

minimum sample of leaf. Grid CV was performed to find the best combination

of hyperparameters using negative mean squared error as the scoring metric. The

best hyperparameters were used to train the RF regressor and recorded the MAE,

RMSE, and R2. Table 7.2 compares different CVs for MAE, RMSE and R2. For

10-fold cross-validation, the optimal hyperparameters, such as max depth was 10,

minimum samples leaf was 1, and estimators was 10, yield lower MAE and RMSE,

along with a higher R2 value, indicating a closer fit to the data. Therefore, these

hyperparameters were used to train the RF regressor and analyse the importance

of the feature.

Feature importance insights into which input variables are most influential in the

ML model’s predictions [227]. Understanding feature importance assists in iden-

tifying relationships between variables, enhances model transparency, improves

performance, and informs data collection efforts by prioritising the most relevant

features. Therefore, feature importance was applied to understand the essential

features contributing to the SAR prediction. The importance of features was as-

sessed using the RF regressor, and the feature importance was sorted in descending

order, as depicted in Figure 7.1. The power level emerged as the most influential

feature, surpassing factors such as antenna-body distance, antenna orientation,

and mounting positions.
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Table 7.1: Machine learning models hyperparameter configuration space.

Model Hyperparameter Search space
RF n estimator 10, 50, 100

max depth None, 10, 20
min samples leaf 1, 5, 10

XGBoost learning rate 0.1, 0.01, 0.001
max depth 3, 6, 9

min child weight 1, 3, 5
n estimators 10, 20, 50, 100

LR No hyperparameter
KNN n neighbors 3, 5, 7, 9

weights uniform, distance
p 1, 2

algorithm auto, ball tree, kd tree, brute
SVM kernel linear, poly, rbf

CNN, RNN learningrate 0.01, 0.001, 0.2
droupoutrate 0.3, 0.5, 0.6

filters 16, 32, 64
numberoflayers 1, 2

batchsize 16, 32, 64
epochs 10, 20

LSTM learningrate 0.01, 0.001, 0.2
droupoutrate 0.3, 0.5, 0.6

filters 16, 32, 64
numberoflayers 1, 2
numberofunits 16, 32

batchsize 16, 32, 64
epochs 10, 20

FCNN learningrate 0.01, 0.001, 0.2
droupoutrate 0.3, 0.5, 0.6
denseunits 50, 100

numberoflayers 1, 2
batchsize 16, 32, 64
epochs 10, 20

CNN-LSTM learningrate 0.01, 0.001
dropoutrate 0.3, 0.5

filters 16, 32
numberoflayers 1, 2
LSTMunits 50, 100
batchsize 16, 32
epochs 10, 20
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Table 7.2: Comparison of performance metric of random forest

Cross Train Data Test Data
validation MAE RMS R2 MAE RMS R2

5 0.0662 0.1123 0.9887 0.1044 0.1793 0.9585
10 0.0547 0.0915 0.9925 0.0925 0.1471 0.9721
15 0.0672 0.1077 0.9896 0.1000 0.1699 0.9627

Figure 7.1: Feature importance for the prediction of SAR for Random Forest

7.4.4 XGBoost for SAR Predictions

The data was trained using the XGBoost regressor with its hyperparameters, such

as learning rate, max depth, minimum child weight and number of estimators. The

learning rate controls the step size during the optimisation process, influences the

model’s convergence speed and final performance, and is also considered a critical

parameter. The maximum depth of the trees impacts the model’s complexity

and the model’s ability to capture complex patterns in data. The minimum child

weight helps prevent over fitting by controlling the number of instances in each

node. The number of estimators specifies the number of trees to be built for

the model. These hyperparameters were used to train the model and to find the

best hyperparameters using grid CV with minimum MAE. The CV was performed

for different values and compared to find the best hyperparameters of XGBoost as

shown in Table 7.3. CV 10 outperforms the other cross-validation sets. Specifically,
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for CV 10, XGBoost achieved optimised hyperparameters with a learning rate of

0.1, a max depth of 3, a min child weight of 1, and 100 estimators.

Table 7.3: Comparison of performance metric of XGBoost

Cross Train Data Test Data
validation MAE RMS R2 MAE RMS R2

5 0.0606 0.0765 0.9947 0.1379 0.1769 0.9596
10 0.0606 0.0765 0.9947 0.1379 0.1769 0.9721
15 0.0916 0.1186 0.9873 0.1197 0.1564 0.9684

Feature importance was also assessed with XGBoost to identify the significance

of various features in SAR prediction. Within the XGBoost framework, the most

critical feature for SAR prediction was the power level of the antenna, followed

by the distance between the body and the antenna, orientation, and mounting

positions (wrist or waistline), as illustrated in Figure 7.2. Hence, power level and

distance variations are recommended as crucial features for accurately predicting

SAR values and influencing the model’s outcomes. They also aid in understanding

the underlying relationships within the data, potentially offering valuable insights

into domain-specific challenges.

Figure 7.2: Feature importance for the prediction of SAR for XGBoost
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7.4.5 K Nearest Neighbor for SAR Predictions

The data was trained using a KNN regressor, incorporating various hyperparam-

eters, including the number of neighbours (3, 5, 7, 9), weight function (uniform

and distance), p-value (where p=1 corresponds to Manhattan distance and p=2

corresponds to Euclidean distance), and algorithm (auto, ball tree, KD tree, and

brute). A grid search CV with different cross-validation values was conducted to

optimise the model’s performance. Subsequently, performance metrics were com-

pared to identify the optimal set of hyperparameters as shown in Table 7.4. It

is evident that with a 10-fold CV, the training data exhibit an MAE and RMSE

of 0, while the test data display the minimum MAE and RMSE values along-

side a higher R-square value. In this configuration, the hyperparameters entail

utilising the brute algorithm, setting the number of neighbours to 9, employing

a distance-based weight function, and utilising Euclidean distance for neighbour

distance calculation. Consequently, these hyperparameters were employed to train

the KNN regressor.

Table 7.4: Comparison of performance metric of K Nearest Neighbor

Cross Train Data Test Data
validation MAE RMS R2 MAE RMS R2

5 0.3539 0.5198 0.7568 0.3064 0.4719 0.7124
10 0.0000 0.0000 1.0000 0.2281 0.4309 0.7602
15 0.0000 0.0000 1.0000 0.2288 0.4311 0.7600

7.4.6 Linear Regression for SAR Predictions

Linear regression (LR) regressor was used to train the data, and performance

parameters were reported. The LR regressor has no hyperparameters for tuning.

Therefore, no grid CV was performed. Table 7.5 shows the performance metrics

of the LR. The LR model performs well, with lower errors and a good amount of

variance explained in the training and test datasets. However, the R-squared value,

particularly in the test set, was lower than other models like RF and XGBoost,
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suggesting that LR may not capture as much variability as other models. LR

does not inherently measure feature importance due to its simplicity and linearity.

Therefore, the importance of features still needs to be considered.

Table 7.5: Comparison of performance metric of Linear Regression

Train Data Test Data
MAE RMS R2 MAE RMS R2

0.3597 0.4513 0.8166 0.3168 0.4268 0.7648

7.4.7 Support Vector Machine for SAR Predictions

The SVM regressor was trained using various kernels, including linear, polynomial,

and radial basis functions (RBF). Grid CV was employed to determine the optimal

hyperparameters of the SVM model across different values of k-fold validation.

Table 7.6 compares performance metrics for the SVM regressor across different

k-fold values. It can be noted that the linear kernel performs better for both CV

values, although the SVM regressor model performance was less than that of the

RF, XGBoost, LR and KNN models. The SVM regressor exhibits a lower R-square

value than the RF and XGBoost models and can have less variance in the target

variable compared to the other models. The SVM model might not capture the

underlying patterns in the data as effectively as the RF and XGBoost models and

is an unsuitable choice for this specific regression task.

Table 7.6: Comparison of performance metric of Support Vector Machine

Cross Train Data Test Data
validation MAE RMS R2 MAE RMS R2

5 0.3396 0.4773 0.7949 0.3482 0.4764 0.7070
10 0.3396 0.4773 0.7949 0.3482 0.4764 0.7070
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7.4.8 CNN for SAR Predictions

The CNN model was implemented with input layer designed to accept a sequence of

5 features, followed by multiple convolutional layers with ReLU activation and max

pooling to extract relevant features. Dropout is applied after each convolutional

layer to prevent overfitting. The model concludes with a flattening layer and a

dense output layer with a linear activation function. The optimizer is selected

from a predefined set (Adam, RMSprop, or SGD) and is adjusted based on the

learning rate and gradient clipping.

The CNN model was implemented with various hyperparameter sets. These hy-

perparameters were tuned using different CV folds, specifically 5-fold and 10-fold.

Table 7.7 presents a comparison of the performance metrics of the CNN models

across these CV folds. The performance of the CNN model was superior with

10-fold cross-validation compared to 5-fold. The optimal hyperparameters after

tuning were a batch size of 16, a dropout rate of 0.5, 20 epochs, 32 filters, a learning

rate of 0.01, and a single layer.

Table 7.7: Comparison of performance metrics of deep learning models with
different cross-validation folds

Deep Learning Models Cross validation
Test Data

MAE RMS R2

CNN
5 0.2964 0.4453 0.7439
10 0.2741 0.4255 0.7662

LSTM
5 0.3644 0.6307 0.4864
10 0.6649 0.8526 0.0612

FCNN
5 0.2958 0.4300 0.7613
10 0.2612 0.4647 0.7211

RNN
5 0.3121 0.4184 0.7739
10 0.1973 0.3704 0.8228

CNN-LSTM
5 0.2115 0.3331 0.8568
10 0.2952 0.4887 0.6915



Chapter 7. Prediction of RF-EMF exposure using ML 133

7.4.9 LSTM for SAR Predictions

The LSTM model for regression tasks is implemented using Keras and integrated

with Scikit-learn’s ‘GridSearchCV‘ for hyperparameter tuning. The model in-

cludes an input layer designed to process sequences of 5 time steps, each with 1

feature. It is followed by a configurable number of LSTM layers, with adjustable

units. Each LSTM layer is paired with a dropout layer to enhance regulariza-

tion and prevent overfitting. After the LSTM layers, dense layers with ReLU

and linear activation functions are used, making the model suitable for regression

tasks. The optimizer is selected from Adam, RMSprop, or SGD, with customiz-

able learning rates and gradient clipping. Table 7.1 lists the hyperparameter grid

values searched to optimize the model and determine the best parameters. Grid

search is conducted using 5-fold cross-validation, evaluating each combination of

hyperparameters based on negative mean squared error. Once the optimal hy-

perparameters are identified, the model is retrained using the best configuration,

and its performance is evaluated on test data. As shown in Table 7.7, a 10-fold

cross-validation provides robust performance on the test data.

7.4.10 FCNN for SAR Predictions

The FCNN model for regression tasks was implemented, and GridSearchCV was

integrated for hyperparameter tuning. The model features an input layer that ac-

cepts five input features for SAR predictions, followed by a dense layer with ReLU

activation and dropout for regularization. The output layer uses a linear activation

function, making it suitable for regression. Table 7.1 outlines the hyperparame-

ters used in tuning the FCNN model for optimal performance. The GridSearchCV

identified the best hyperparameters for both 5-fold and 10-fold cross-validation,

as shown in Table 7.7. After the grid search, the model was trained with the

optimal parameters and evaluated on the test data. The best hyperparameters

were a batch size of 16, a dropout rate of 0.2, 20 epochs, and a learning rate of
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0.01. The results revealed that the 10-fold CV provided the optimal performance

for the FCNN model.

7.4.11 RNN for SAR Predictions

The RNN architecture consists of an input layer that accepts sequences with a fixed

length of 5 time steps and a single feature per step. It includes multiple LSTM

layers, where each LSTM unit uses the tanh activation function, with dropout

applied to mitigate overfitting. The final LSTM layer does not return sequences,

while intermediate layers return sequences, enabling the stacking of multiple LSTM

layers. After the LSTM layers, a Dense layer with ReLU activation was used for

further feature processing, followed by an output layer with a linear activation

function, making the model suitable for regression tasks. To optimize the model,

GridSearchCV was employed to explore different combinations of hyperparameters

for 5 and 10 folds and tuned hyperparameters are provided in Table 7.1. The

GridSearchCV identified the optimal hyperparameters, including a batch size of

16, a dropout rate of 0.3, 20 epochs, a learning rate of 0.01, 32 units, and a single

layer. The RNN model was ultimately trained using the best hyperparameters on

the training data, and its performance metrics were evaluated on the test data, as

shown in Table 7.7. The results indicate that, for the 10-fold cross-validation, the

RNN model delivers more robust performance.

7.4.12 CNN-LSTM for SAR Predictions

A hybrid model was implemented to predict SAR, leveraging the strengths of in-

dividual models: CNNs for feature extraction and LSTMs for learning sequential

data. The CNN-LSTM architecture was designed to benefit from both deep learn-

ing techniques. The model consists of an input layer that accepts sequences of

fixed length, followed by several 1D convolutional layers with ReLU activation,

MaxPooling, and Dropout layers to extract features and prevent overfitting. The

LSTM layer then learns the sequential dependencies, and the output layer is a
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Dense layer with a linear activation function, suitable for regression tasks. A cus-

tom Keras regressor class, CustomKerasRegressor, was used to wrap the model,

enabling it to work with GridSearchCV for hyperparameter optimization. The

grid search evaluates various hyperparameter combinations, as detailed in Table

7.1. The GridSearchCV identified the best parameters as follows: a batch size of

16, a dropout rate of 0.3, 20 epochs, 32 filters, a learning rate of 0.01, 50 LSTM

units, and a single CNN layer. Finally, the CNN-LSTM model was trained on the

training data using the best hyperparameters, and the model was tested on the test

data to evaluate performance metrics. Table 7.7 compares the performance met-

rics across different cross-validation folds, showing that the 5-fold cross-validation

yields better performance than the 10-fold, indicating that the model begins to

overfit.

7.4.13 T-Test for SAR Predictions

A t-test helps assess the statistical significance of differences in comparing the

performance of different ML models on a similar dataset, particularly regarding

model performance, feature selection, and error analysis. Furthermore, a t-test

can reveal variability in model performance due to factors such as random initial-

ization or differences in the dataset, offering insights into model generalization and

overfitting.

The discrepancy between actual and predicted SAR values in the t-test can be

attributed to several factors. Model complexity significantly influences the vari-

ations observed between these values. Complex models may overfit the training

data, capturing noise instead of the underlying patterns, which leads to poor

predictions on unseen data. Conversely, simpler models may overlook essential

features, resulting in high bias and prediction inaccuracies. Additionally, variabil-

ity in the SAR and temperature parameters can introduce noise into the model

predictions. Together, these factors contribute to the discrepancies between actual

and predicted SAR values, thereby affecting the results of statistical tests like the

t-test that evaluate model performance.
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The t-test was used to access errors between actual and predicted SAR values gen-

erated by ML models that were significantly different from 0. The null hypothesis

(H0) was a mean error between the actual and predicted SAR values generated by

the ML model is equal to 0, or the alternative hypothesis (H1) represents the error

is not equal to 0. T-test calculates t-statistic and p-value. If the p-value is less

than the significance level (<0.05), it suggests that there is significant evidence

to reject the null hypothesis. It concludes that the mean error between actual

and predicted SAR values generated by the ML model significantly differs from

0. Therefore, the alternative hypothesis (H1: >0.05) is valid, suggesting that the

mean error between actual and predicted SAR values generated by the ML model

is not significantly different from 0. The t-test allows us to conclude which ML

model performs better and exhibits satisfactory performance. Hence, a t-test was

conducted across all ML models, and the outcomes were visualised by plotting

their mean errors.

The chosen significance level, often represented as the p-value was set at 0.05. If

the p-value is less than 0.05, the mean error between actual and predicted SAR

values deviates significantly from zero, suggesting poor performance of the specific

ML model. Conversely, if the p-value exceeds 0.05, it implies that the mean error is

closer to zero, indicating good performance of the ML models for SAR prediction.

The t-test results were illustrated in Figure 7.3, displaying the p-values for all

implemented ML models for SAR prediction. The comparison demonstrates that

the p-values for RF, XGBoost, LR, and KNN exceeded 0.05, affirming their strong

performance and suitability for SAR prediction. Conversely, the p-value for SVM

fell below 0.05, indicating subpar performance of the SVM ML model in SAR

prediction.

A t-test was also conducted on the deep learning models to validate the results.

Figure 7.4 presents the t-test results for the CNN, LSTM, FCNN, RNN, and hybrid

CNN-LSTM models. The results indicate that all implemented deep learning

models passed the t-test, confirming that the predicted SAR values are close to

zero. However, the LSTM model exhibited a low p-value, which may be attributed

to the small variance in the error.
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(a) (b)

(c) (d)

(e)

Figure 7.3: Error between actual and predicted value of SAR for t-test when
(a) random forest, (b) XGBoost, (c) KNN, (d) linear regression and (e) SVM

models were used.
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(c) (d)

(e)

Figure 7.4: Error between the actual and predicted SAR values for the t-
test across different deep learning models: (a) CNN, (b) LSTM, (c) FCNN, (d)

RNN, and (e) CNN-LSTM.
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7.5 Implementation of Machine Learning Models for Pre-

diction of Maximum Temperature Elevation in Tissues

7.5.1 Data Splitting for Machine Learning Models

The dataset was divided into two subsets to predict maximum tissue temperature

elevation. One subset was designated for training the model, while the other was

reserved for evaluating its performance. The training set comprises 70% of the

total data, while the remaining 30% was utilised to test various ML models to

assess their effectiveness. A random state of 7 was set to ensure consistent data

splitting every time the code runs, thereby maintaining result consistency.

7.5.2 Random Forest for Temperature Elevation Predic-

tions

The data for maximum temperature elevation predictions was trained using the

RF regressor model. The hyperparameters of RF varied, and the best hyperpa-

rameters were selected using a grid search CV. The RF hyperparameters used in

temperature prediction were the number of estimators, maximum depth of the

tree, and minimum sample leaf. The grid CV search was performed with different

k-fold values to remove the biases in the training data set of the RF model. Grid

CV used negative mean squared error as the scoring metric for selecting the best

hyperparameters of the ML model. The best hyperparameters were used to train

the RF regressor and recorded the MAE, RMSE, and R2. Table 7.8 compares

k-fold CV values with MAE, RMSE and R2.

The analysis conducted through 5-fold cross-validation revealed the optimal hy-

perparameters for the RF model as a maximum depth of 20, a minimum sample

leaf of 1, and 100 estimators. This configuration resulted in lower MAE and RMSE

values and a higher R2 value. These metrics collectively indicate a closer fit of the
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model to the data. Similar results were also observed for 10 and 15-fold CV, sug-

gesting consistent performance across different fold values. However, the specified

hyperparameters consistently outperformed others, reaffirming their effectiveness

in capturing the underlying patterns within the dataset and emphasising their

suitability for predictive modelling of temperature elevation.

Table 7.8: Comparison of performance metric of random forest for predictions
of temperature elevation

Cross Train Data Test Data
validation MAE RMS R2 MAE RMS R2

5 0.0001 0.0007 1.0000 0.0003 0.0016 1.0000
10 0.0001 0.0007 1.0000 0.0003 0.0016 1.0000
15 0.0001 0.0007 1.0000 0.0003 0.0017 1.0000

Similarly, the importance of features was applied to understand the essential fea-

tures contributing to temperature elevation prediction. The importance of features

was assessed using the RF regressor and sorted in descending order, as depicted

in Figure 7.5. The findings indicate that ambient temperature is the primary

factor influencing the maximum temperature elevation observed in tissues. This

elevation can be determined by the combined effect of ambient temperature and

the temperature increase resulting from exposure to RF-EMF. While the temper-

ature rise due to RF-EMF exposure contributes to the thermal load experienced

by the tissues, the predominant variation in maximum temperature elevation is

attributed to higher ambient temperature levels exceeding 370 C. It highlights the

considerable influence of environmental conditions, particularly ambient temper-

ature, on the dynamics of tissue temperature. In comparison, RF-EMF exposure

is supplementary in affecting tissue temperature dynamics. Furthermore, the du-

ration of RF-EMF exposure exhibits minimal impact on temperature elevation.

Even with 0 seconds to 8 hours of RF-EMF exposure variations, the observed

elevation remains below 10 C.
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Figure 7.5: Feature importance for the prediction of maximum temperature
elevation for Random Forest

7.5.3 XGBoost for Temperature Elevation Predictions

The data underwent training using the XGBoost regressor, employing similar hy-

perparameters such as learning rate, max depth, minimum child weight, and sev-

eral estimators. The best hyperparameters, determined through grid CV with

minimum MAE, were explored across various k-fold values, as outlined in Table

7.9. The k-fold values of 5 and 10 yielded identical performance metrics, albeit

with different sets of hyperparameters for XGBoost. Specifically, for 5-fold cross-

validation, the optimal hyperparameters were a learning rate of 0.1, maximum

depth of 9, minimum child weight of 1, and 100 estimators. The resulting MAE

and RMSE values were minimised, with an R-squared value of 1, indicating that

the XGBoost regressor exhibited superior accuracy in predicting temperature el-

evation compared to RF. Consequently, the XGBoost regressor was trained using

the optimal hyperparameters from 5-fold cross-validation, followed by a feature

importance analysis.

Feature importance analysis was conducted using XGBoost to identify the sig-

nificance of different features in predicting temperature elevation, as depicted in

Figure 7.6. Consistently with previous findings, the analysis revealed that ambient



Chapter 7. Prediction of RF-EMF exposure using ML 142

Table 7.9: Comparison of performance metric of XGBoost for predictions of
temperature elevation in tissues

Cross Train Data Test Data
validation MAE RMS R2 MAE RMS R2

5 0.0016 0.0067 1.0000 0.0018 0.0077 1.0000
10 0.0016 0.0067 1.0000 0.0018 0.0077 1.0000

temperature emerged as the most crucial feature in determining maximum temper-

ature elevation in tissues. Conversely, the impact of other factors on temperature

elevation was found to be negligible.

Figure 7.6: Feature importance for the prediction of temperature elevation
for XGBoost

7.5.4 K Nearest Neighbor for Temperature Elevation Pre-

dictions

The data was trained using a KNN regressor, with optimisation conducted via

grid search CV across various hyperparameters. The number of neighbors, weight

function, p-value, and algorithm were among these parameters. When compar-

ing performance metrics, it was discovered that with a 5-fold CV, the training

data achieved an MAE and RMSE of 0, as shown in Table 7.10. The test data

exhibited minimal MAE and RMSE values and a higher R-squared value. The

optimal hyperparameters included using the brute algorithm, setting the number



Chapter 7. Prediction of RF-EMF exposure using ML 143

of neighbors to 3, employing a distance-based weight function, and utilising Eu-

clidean distance for neighbour distance calculation. These hyperparameters were

subsequently employed to train the KNN regressor.

Table 7.10: Comparison of performance metric of K Nearest Neighbor for
temperature elevation prediction

Cross Train Data Test Data
validation MAE RMS R2 MAE RMS R2

5 0.0000 0.0000 1.0000 1.7476 2.3486 0.7887
10 0.0000 0.0000 1.0000 1.7903 2.3965 0.7800
15 0.0000 0.0000 1.0000 1.7903 2.3965 0.7800

7.5.5 Linear Regression for Temperature Elevation Pre-

dictions

LR regressor was used to train the data, and performance parameters such as

MAE, RMSE and R-square values were reported. The LR regressor has no hyper-

parameters for tuning. Therefore, no grid CV was performed. Table 7.11 shows

the performance metrics of the LR. The LR model performs well, with lower er-

rors and much variance explained in the training and test datasets. However, the

R-squared value, particularly in the test set, is lower than other models like RF

and XGBoost, suggesting that LR may not capture as much variability as other

models.

Table 7.11: Comparison of performance metric of Linear Regression for tem-
perature elevation predictions

Train Data Test Data
MAE RMS R2 MAE RMS R2

0.1309 0.1638 0.9990 0.1311 0.1625 0.9990
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7.5.6 Support Vector Machine for Temperature Elevation

Predictions

The SVM regressor was trained with linear, polynomial, and RBF kernels. Due to

the prolonged training time with the linear kernel, polynomial and RBF kernels

were only employed, delivering faster performance metrics for the SVM regressor.

Table 7.6 illustrates the performance comparison across various kernel functions.

The SVR model’s performance metrics reveal notable shortcomings. Across both

training and test datasets, the model exhibits the MAE of approximately five

units, indicating a consistent discrepancy between predicted and actual values.

The RMSE values were also around 6.9, suggesting a spread of errors around the

mean prediction. Most concerning, however, are the negative R-squared values of

-0.8270 for training and -0.8619 for testing, indicating that the SVR model fails to

explain the variability in the data around its mean. This discrepancy underscores

the model’s inability to capture the underlying patterns effectively, signalling poor

performance across the training and testing phases.

Table 7.12: Comparison of performance metric of Support Vector Machine for
temperature elevation prediction

Kernel Train Data Test Data
function MAE RMS R2 MAE RMS R2

polynomial 5.0773 6.9072 -0.8270 5.1678 6.9723 -0.8619
RBF 5.0775 6.6280 -0.6822 5.1589 6.6943 -0.7164

7.5.7 CNN for Temperature Elevation Predictions

The CNN was designed to predict temperature elevation in regression tasks, with

hyperparameter optimization performed using GridSearchCV. The input features

were normalized using MinMaxScaler and reshaped into a 3D format suitable

for CNN processing. The architecture consisted of an input layer for time-series

data, a convolutional layer with adjustable filters and a kernel size of 2, followed
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by a max-pooling layer, a flattening layer, and fully connected dense layers for

regression output. A 5-fold CV using GridSearchCV yielded optimal performance,

with the best hyperparameters outlined in Table 7.13. These included a batch size

of 128, 20 epochs, 256 filters, and the sgd optimizer.

Table 7.13: Comparison of performance metrics of Deep learning models with
different cross-validation folds

Deep Learning Models Cross validation
Test Data

MAE RMS R2

CNN
3 0.2416 0.3216 0.4639
5 0.2326 0.3210 0.4659

LSTM
3 0.0012 0.0018 1.0000
5 0.0017 0.0029 1.0000

FCNN
3 0.0030 0.0045 0.9999
5 0.0019 0.0031 1.0000

RNN
3 0.0023 0.0036 1.0000
5 0.0014 0.0027 1.0000

CNN-LSTM
3 0.0053 0.0081 0.9997
5 0.0126 0.0148 0.9989

7.5.8 LSTM for Temperature Elevation Predictions

The LSTM model was implemented to predict temperature and optimized using

GridSearchCV. To enhance training efficiency, the dataset features were normal-

ized using MinMaxScaler, and the input data was reshaped into a 3D structure,

e.g., [samples, timesteps, features]. The LSTM architecture included an input

layer for sequential data, an LSTM layer with tunable units, a fully connected

dense layer with 64 neurons, and a final dense output layer. The model, com-

piled with the mean squared error loss and either adam or sgd optimizers, was

wrapped in KerasRegressor to enable systematic hyperparameter tuning. Grid

search was performed with 3-fold and 5-fold CV to evaluate combinations of batch

size, epochs, optimizer, and LSTM units. The model was trained using the best

hyperparameters, and its performance was evaluated. Results showed that the

test data performed better with 3-fold CV, as the 5-fold resulted in higher MAE

and RMSE, indicating that the model began to overfit the data.



Chapter 7. Prediction of RF-EMF exposure using ML 146

7.5.9 FCNN for Temperature Elevation Predictions

The FCNN model was implemented to predict temperature elevation in tissues

using regression. The data was normalized with MinMaxScaler to ensure consis-

tent scaling. The model architecture consisted of an input layer, a hidden layer

with tunable neurons and ReLU activation, and a final dense output layer for

regression. It was compiled using mean squared error (MSE) as the loss function

and wrapped in KerasRegressor for hyperparameter tuning. The optimal model,

trained on the test data, was evaluated for performance. Table 7.13 showed that

the 5-fold CV performed better, with the best hyperparameters being a batch size

of 16, 20 epochs, 32 neurons, and the adam optimizer.

7.5.10 RNN for Temperature Elevation Predictions

The Simple RNN was implemented to predict temperature elevation, with the data

scaled using MinMaxScaler. Without rescaling, the RNN model’s performance was

worse. The input data was reshaped into a suitable format for the RNN model.

The architecture consisted of an input layer for sequential data, a SimpleRNN

layer with tunable units, followed by a dense layer, and a final dense output layer

for regression. Hyperparameter tuning was performed using KerasRegressor and

GridSearchCV to optimize the model. After training with the best hyperparame-

ters, the optimal model was used to make predictions. The results indicated that

the best hyperparameters, achieved with 5-fold cross-validation as shown in Table

7.13, were a batch size of 32, 20 epochs, 32 units, and the adam optimizer.

7.5.11 CNN-LSTM for SAR Predictions

In this hybrid model, CNN and LSTM layers were combined to predict tempera-

ture elevation. The features were normalized using MinMaxScaler to ensure con-

sistent scaling. The input data was then reshaped into a 3D format suitable for

CNN-LSTM models. The architecture includes a CNN layer with tunable filters
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for feature extraction, followed by a max-pooling layer to reduce dimensionality.

The extracted features are processed through an LSTM layer to capture tempo-

ral dependencies. The model’s output is connected to a fully connected dense

layer, culminating in a regression output layer. Hyperparameter optimization was

conducted using GridSearchCV, tuning the model across various combinations of

batch size, epochs, optimizer, CNN filters, and LSTM units. The model was

trained with the best hyperparameters, and performance was evaluated on the

test data. As shown in Table 7.13, the optimal performance was achieved with a

3-fold cross-validation, using a batch size of 32, 10 epochs, 32 filters, 10 LSTM

units, and the adam optimizer.

7.5.12 T-Test for Temperature Elevation Predictions

The t-test was used to access errors between actual and predicted temperature

elevation values generated by various ML models that were significantly different

from 0. The t-test allows us to conclude which ML model performs better and

exhibits satisfactory performance. Hence, a t-test was conducted across all ML

models, and the outcomes were visualised by plotting their mean errors.

The chosen significance level (often represented as the p-value) for the t-test was

set at 0.05. If the p-value is less than 0.05, it indicates that the mean error between

actual and predicted temperature elevation values deviates significantly from zero.

In contrast, if the p-value exceeds 0.05, the mean error is closer to zero, indicating

the excellent performance of the ML models. The t-test results for temperature

elevation were illustrated in Figure 7.7, displaying the p-values for all implemented

ML models for temperature elevation prediction. The results indicate that KNN

and LR exhibited high p-values, suggesting strong performance in temperature

prediction compared to other ML models, which performed poorly in the task.

A t-test was also performed to evaluate the performance of the deep learning

models used for predicting temperature elevation in tissues. The results of the

t-test are shown in Figure 7.8. It can be observed that all deep learning models
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Figure 7.7: Error between actual and predicted value of temperature elevation
for t-test when (a) random forest, (b) XGBoost, (c) KNN, (d) linear regression

and (e) SVM models were used.
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outperform the t-test, with errors close to zero. However, the p-value is zero,

indicating that the t-test failed to show significant differences. This could be due

to the small variance in the errors, making the p-value negligible. To validate

this, the error variance for each model was also measured. The error variance for

the CNN model was 0.1030, while for the LSTM, FCNN, RNN, and CNN-LSTM

models, it was zero. Consequently, the small error variance led to a zero p-value

in the t-test.

7.6 Conclusion

This chapter utilised supervised ML models to predict SAR and temperature ele-

vation from RF-EMF exposure emitted by wearable devices. Various parameters

associated with RF-EMF were carefully considered to enhance the accuracy of

our predictions. These parameters varied systematically, were recorded through

numerical simulations, and were used as training and validation datasets for the

ML models.

A range of ML algorithms, including RF, XGBoost, KNN, LR, and SVM and deep

learning models CNN, LSTM, FCNN, RNN and CNN-LSTM were used to analyse

SAR and temperature data. The performance of each model was assessed using

standard metrics, such as MAE, RMSE, and R-square values. Grid cross-validation

was conducted to select the best hyperparameters, compare results across different

k-fold cross-validation configurations, and optimise model performance.

Our findings showed that RF, XGBoost, LR, and KNN models performed ex-

cellently in SAR prediction, while LR and KNN models excelled in predicting

temperature elevation. However, all the deep learning Including CNN, LSTM,

FCNN, RNN and CNN-LSTM showed good performance for SAR and tempera-

ture predictions. We optimised model performance using grid cross-validation and

validated our predictions through t-tests.

Our study demonstrates the potential of ML models with optimised hyperparam-

eters to predict SAR and temperature elevation accurately. We found that power
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Figure 7.8: Error between the actual and predicted temperature values for the
t-test across different deep learning models: (a) CNN, (b) LSTM, (c) FCNN,

(d) RNN, and (e) CNN-LSTM.
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level significantly influences SAR evaluation, and ambient temperature is crucial

in predicting temperature elevation. It is important to note that the maximum

temperature elevation in tissues is the cumulative effect of ambient temperature

and the thermal load induced by RF-EMF exposure.

In general, the ML and deep learning models can be used to predict SAR and

maximum temperature elevation in tissues using numerically collected data for

different variations of parameters associated with RF-EMF exposure.



Chapter 8

Measurement of RF-EMF Exposure of Wearable

Device

This chapter thoroughly examines the measurement of RF-EMF exposure in un-

derground mine tunnels by developing a prototype wearable device. No existing

literature measures the RF-EMF exposure of wearable devices, especially in the

underground mine environment. The wearable device’s power density (PD) was

measured at various distances in a realistic underground mine tunnel. The PDs

were also simulated using the MIFA model and calculated analytically to compare

with the measured values across different distances. This comparison allows for

the validation of the accuracy of the simulation and analytical methods against

real-world measurements, providing insights into their reliability and effectiveness

for predicting power densities.

8.1 Addressing the Gap for Comprehensive RF-EMF Ex-

posure Measurement

In [156,158], the focus was on measuring the variation in the reflection coefficient

(S11) of the MIFA for different mounting positions on the body and comparing

these measurements with simulated values. However, the study did not involve

measuring the RF-EMF exposure of the ESP32-WROOM board. The analysis

of the reflection coefficient presented in [156] solely pertains to evaluating the

performance of the MIFA across various body parts and does not directly ad-

dress the absorption of RF-EMF within the body. Furthermore, the simulation

152
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and measurement of the ESP32-WROOM, as presented in [156,158], did not con-

sider the realistic deployment environment for wearable devices. This limitation

restricts the applicability and relevance of the study’s findings to real-world sce-

narios. Therefore, our current study aims to address this gap by comprehensively

measuring realistic RF-EMF exposure specifically for the ESP32-WROOM device

in the underground mine tunnel.

8.1.1 Schematic and Prototyping of the Wearable Device

The schematic diagram for the ESP32-WROOM-based wearable device is depicted

in Figure 8.1. Utilizing the GPIO pin of the ESP32 board, we collected temper-

ature and humidity data from the DHT11 sensor. This recorded data was trans-

mitted to a mobile web server for temperature and humidity data visualization.

The ESP32 transmits data using Wi-Fi protocol to the mobile hotspot network

of the mobile phone. Users can visualize the data by entering the IP address of

the ESP32 into the browser’s search bar on the mobile phone. The screenshots of

the Arduino IDE COM port and mobile web server are depicted in Figure 8.2 and

Figure 8.3, respectively. The transmit power is indicated by the numeric value

of 72 (as depicted in Figure 8.2), which was converted using the Wi-FiGenric li-

brary and corresponds to 18 dBm (0.063 W). Therefore, the wearable device is

transmitting at a power level of 0.063 W. The web server updates the data for

every 1 second. The prototype of the wearable device is shown in Figure 8.4.

The ESP32 board and DHT 11 sensor were powered using a Lithium-ion battery.

The programming of the ESP32 board was carried out using Arduino IDE 1.8.19,

utilizing the C language.

8.2 Components of the Wearable Device

To evaluate the RF-EMF exposure of the MIFA in an underground mine setting,

a prototype of the wearable device utilizing ESP32-WROOM was assembled. The

wearable device prototype was constructed to mimic a wearable device that uses
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Figure 8.1: Schematic diagram of the prototype wearable device.

Figure 8.2: Screenshot of Arduino IDE COM port displaying ESP32 IP, trans-
mit power (as per the Wi-FiGeneric library i.e., 72 = 18 dBm = 0.063 W),

temperature, and humidity data.

the MIFA antenna for communication, enabling the measurement of RF-EMF

exposure. The wearable device’s monitoring parameters are beyond this study’s

scope, as they can encompass various functionalities and sensors, such as tracking

location, heart rate, and monitoring of the environmental parameters. Hence, we

assembled the wearable device prototype, employing a primary temperature and

humidity sensor and integrating a Lithium battery shield with a Lithium-ion bat-

tery to provide power to the ESP32-WROOM. These components were selected
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Figure 8.3: Screenshots of the mobile web server displaying temperature and
humidity data from the wearable device.

Figure 8.4: Prototype of the wearable device utilizing ESP32.

for the wearable device prototype based on their functionality and suitability for

the intended purpose. The temperature and humidity sensor (DHT11) was cho-

sen to provide environmental monitoring capabilities, which could be relevant for

assessing conditions within the underground mine tunnel. Additionally, we inte-

grated a Lithium battery shield (Battery Shield 18650) with a Lithium-ion battery

(Rechargeable Battery 18650 (3000mAh)) to power the ESP32-WROOM, ensuring

long-lasting operation and portability for the device.

The following components were used to assemble the prototype of the wearable

device:

1. ESP32 NodeMCU 32S (ESP32-WROOM)

2. Battery Shield 18650 Lithium (Battery Holder + Cable)
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3. Lithium-Ion Rechargeable Battery 18650 (Capacity 3000mAh)

4. DHT 11 sensor (Temperature and Humidity Sensor)

5. Jumper wires (Male to Male)

6. Breadboard

8.3 Measurements of RF-EMF Exposure

Different RF-EMF meters are available to measure RF-EMF exposure, ranging

from different frequency bands, costs, and functionalities. As discussed in Chap-

ter 2, Table 2.5 presents the utilization of different RF-EMF meters for measuring

exposure across various settings. In this study, a Cornet (ED88TPLUS 5G) RF-

EMF meter [228] was utilized to quantify the RF-EMF exposure of the wearable

device. The Cornet RF-EMF meter is a low-cost and handy device that provides

accurate RF-EMF exposure. Various studies employed Cornet RF-EMF meters for

measurements of RF [109, 229–233] and extremely low-frequency [234] exposure.

Singh et al. measured the RF-EMF exposure of mobile phones for different com-

munication settings, such as incoming/outgoing calls, Wi-Fi, and Wi-Fi hotspots,

using Cornet ED-75 RF-EMF meter [229]. In [230, 232], measure RF-EMF ex-

posure of base station antennas at 1800 MHz for different distances using Cornet

ED78S RF-EMF meter. Similarly, in [231], the Cornet ED15CV30L meter was

used to compare the RF-EMF exposure for two locations. These measurements

involved researchers using different Cornet RF-EMF meters to assess RF-EMF

exposure in diverse settings, encompassing indoor and outdoor environments and

covering various RF-EMF frequency bands.

The Cornet ED88TPLUS 5G RF-EMF meter is designed to measure high-frequency

(RF) field strength and PD, as well as low-frequency magnetic field levels (mea-

sured in Gauss and Tesla) and extremely low-frequency electric fields (measured in

V/m) in different environments. It features an RF bandwidth spanning 100 MHz

to 8 GHz (5G band except for mm-meter wave band), exhibiting high sensitiv-

ity ranging from 0.5 µW/m2 to 1.8 W/m2. Further specifications can be found
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in [228]. In the subsequent section, the extended measurement plan and analyses

of the gathered data were discussed in detail.

8.3.1 Data Collection Procedure

The Cornet ED88TPLUS 5G RF-EMF meter has buffer memory (1024 cells of

Data Logging Flash memory) for RF mode data logging and cannot retain the

data when the meter is powered off [228]. Therefore, the RF-EMF meter was

connected to the PC, which uses “Teraterm” software to log the data and store

it in a log file. The step-by-step procedure for connecting the Cornet RF-EMF

meter to the PC is outlined in [235].

8.3.2 Consideration of Measurement Environment for RF-

EMF Exposure Assessment

The measurements were performed in the Wits mock mine tunnel at the Uni-

versity of the Witwatersrand and constructed with underground materials. The

66.2-meter-long tunnel enables realistic testing and mirrors environments found

in deep hard-rock mines. The tunnel is also equipped with a steel ventilation

duct, which closely simulates real-world conditions of the underground mine en-

vironment [236]. Various studies have leveraged the facility to evaluate diverse

communication technologies [30,237].

Measuring RF-EMF exposure in a realistic environment is crucial due to varia-

tions influenced by surrounding conditions, as highlighted in studies conducted in

elevators [171–173], indoor settings [174–176], and transport vehicles [177–180].

Reflections of RF-EMF are affected by factors like distance, shape, orientation,

and material properties, underscoring the importance of realistic measurements.

Therefore, the Wits mock mine tunnel provides a suitable setting to conduct RF-

EMF measurements in a realistic underground mine environment.
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8.3.3 Measurement Campaign

The Cornet ED88TPLUS 5G RF-EMF meter and wearable device were placed on

the table close to the Wits mock tunnel boundary, as shown in Figure 8.5. The RF-

EMF meter was connected to the PC via cable for data logging. The PC was set to

airplane mode to mitigate potential interference, while the mobile phone serving

as a hotspot was positioned approximately 10 meters away from the device with

its data mode switched off to minimize any potential disruption. Furthermore,

the positioning of the mobile phone was carefully chosen to ensure that the RF-

EMF signal emitted by the mobile phone’s Wi-Fi would have no impact on the

measurements being conducted. The distance was carefully chosen to ensure that

the mobile phone’s Wi-Fi signal would not interfere with the measurements while

maintaining a connection between the wearable device and the mobile web server.

The RF-EMF exposure data was collected for various distances between the RF-

EMF meter and wearable device, spanning 5 mm, 10 mm, 15 mm, and 20 mm.

A ruler was utilized to accurately measure the distance between the RF-EMF

meter and the wearable device as depicted in Figure 8.6. The close view of the

measurement setups for distances of 5 mm and 20 mm are illustrated in Figure

8.6a and Figure 8.6b, respectively. The data was collected for 3-minute intervals

for each instance.

8.3.4 Analysis of Measured Data

The raw data obtained from measurements was visualized in Figure 8.7. The raw

data exhibited distinct frequency bands such as 900 MHz, 1800 MHz, 2100 MHz,

2400 MHz, and 2900 MHz. However, it is essential to note that the ESP32 board

transmits RF-EMF signals within the 2400 MHz to 2484 MHz range, as specified

in the ESP32 datasheet [238]. Therefore, to analyze the RF-EMF exposure data

of the wearable device, other frequency signals need to be excluded. Additionally,

the analysis revealed that the highest PD peaks for distances of 5 mm, 10 mm,

15 mm, and 20 mm were observed at 900 MHz and 1800 MHz, corresponding to
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Figure 8.5: Setup for measuring RF-EMF exposure of the wearable device in
the tunnel.

(a) (b)

Figure 8.6: RF-EMF exposure data collection at various distances between
the RF-EMF meter and wearable device (a) 5 mm, and (b) 20 mm.

standard mobile phone frequencies. However, these frequency signals fall outside

the scope of this study as they are likely attributable to the presence of other

communication devices installed in the tunnel, as enlisted in [30].

For subsequent analysis, the raw data files were screened for frequencies rang-

ing from 2400 MHz to 2500 MHz to focus on the frequency range where the
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(a) (b)

(c) (d)

Figure 8.7: Plot of measured raw data at diverse distances between the RF-
EMF meter and the wearable device (a) 5 mm, (b) 10 mm, (c) 15 mm, and (d)

20 mm

ESP32WROOM operates. This screening process ensures that only relevant fre-

quency data is retained for subsequent analysis. The screened data for all observed

distances in this study are shown in Figure 8.8, highlighting a peak in the PD at

2440 MHz, corresponding to the transmitted frequency of the ESP32-based wear-

able devices. The measured PD of RF-EMF was significantly higher at a distance

of 5 mm from the wearable device, as illustrated in Figure 8.8a. The PD decreases

with increased distance between the wearable device and the RF-EMF meter.

The maximum peak and average power densities for all distances were extracted

from the data and are presented in Table 8.1. Notably, the power densities at

distances of 5 mm and 10 mm exhibit a rapid decrease compared to those at

15 mm and 20 mm. Hence, the impact of the wearable device is minimized when
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(a) (b)

(c) (d)

Figure 8.8: Plot of measure data at diverse distances between the RF-EMF
meter and the wearable device (a) 5 mm, (b) 10 mm, (c) 15 mm, and (d) 20 mm

the device is positioned at a distance of 10 mm or greater, which can be considered

a safe distance from the source of RF-EMF.

Table 8.1: Measured maximum and average power density at different dis-
tances in the range of 2400 MHz to 2500 MHz.

Distance Power density (W/m2)

Maximum Average

5 mm 24.65 1.49
10 mm 2.70 1.13
15 mm 0.76 0.76
20 mm 0.82 0.39
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8.3.5 Evaluation of Simulated Power Densities

The modelled MIFA antenna in HFSS was evaluated to assess PD at various dis-

tances from the antenna. A rectangular area above the MIFA at distances of

5 mm, 10 mm, 15 mm, and 20 mm was selected to plot PD with an input power

of 0.06 W, as shown in Figure 8.9. The input power was calculated using the

”compute antenna parameters” option in HFSS, which specifies different antenna

performance parameters. The maximum simulated power densities were observed

and summarized in Table 8.2. The power densities decrease rapidly with an in-

crease in distance from the MIFA. Figure 8.10 plots the PD distributions for each

distance.

Figure 8.9: Simulated power density for all considered distance with MIFA.

Table 8.2: Simulated power density for different distances.

Distance Maximum power density (W/m2)

5 mm 89.99
10 mm 29.55
15 mm 16.49
20 mm 10.85
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(a) (b)

(c) (d)

Figure 8.10: Simulated power densities at distance (a) 5 mm, (b) 10 mm, (c)
15 mm and (d) 20 mm

8.3.6 Analytical Calculation of Power Densities

The PD was computed at 2.4 GHz with a peak gain of 1.32 and an output power

of 48.06 mW, derived from the simulated MIFA antenna. The classical equation

for PD in the far-field region was employed as follows [239,240]:

PD =
Pout ×Gtx

4 × π ×D2
(8.1)

Where PD represents the PD, Pout denotes the transmitted power, Gtx is the gain

of the antenna, and D is the distance from the antenna. The calculated values for

observed distances are presented in Table 8.3.

Table 8.3: Analytical power density for different distances.

Distance Maximum power density (W/m2)

5 mm 201.7
10 mm 50.42
15 mm 22.41
20 mm 12.61
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8.3.7 Comparison of Results

The maximum PD of the MIFA at specific distances (5 mm, 10 mm, 15 mm, and

20 mm) were compared between measured, simulated, and analytically evaluated

data, as shown in Figure 8.11. The observed decrease in PDs with increasing

distance is consistent and aligned with similar trends reported in other studies

[241–244].

In [241], PD was investigated for a 5G mm-wave array antenna, and PD was plotted

for distances of 5, 10, 15, and 20 mm for different antenna beams. The findings

confirmed a reduction in PD as the distance from the antenna increased, aligning

with existing literature on the subject. Similarly, in [242], PD was calculated for

distances of 5, 10, and 15 mm in various body tissues for a frequency range of

10 to 90 GHz. A similar trend was observed, with PD increasing with increased

signal frequency but decreasing with distance from the antenna.

Figure 8.11: Comparison of the measured, simulated, and analytically evalu-
ated power density for different distances, where red area represents near field

region and green area presents far-field region.
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The discrepancy in PD values at 5 mm compared to other distances (10 mm,

15 mm, and 20 mm) is attributed to the near-field radiation region of the MIFA

antenna, extending up to 5.188 mm, beyond which the far-field radiation region

begins. Simulated PD values may differ due to polarization mismatch between

the MIFA and Cornet RF-EMF meter, as the MIFA transmits linearly polarized

waves, necessitating alignment with the receiving antenna for optimal reception.

Real-world conditions, including surrounding structures and electromagnetic in-

terference, can further influence measured values, introducing complexities not

fully captured in simulations or analytical calculations.

According to the ICNIRP guidelines [4], the limits for PD for frequencies ranging

from 2 GHz to 300 GHz were set at 10 W/m2. It is evident from the measurements

that the measured values for the ESP32 were below the ICNIRP limits for a

distance of 10 mm. Therefore, it is recommended to maintain a minimum distance

of 10 mm as a safe distance to minimize the impact of RF-EMF exposure on the

body when a wearable device is worn. However, at a distance of 5 mm, the PD

value was higher than the ICNIRP guidelines [4].

Hence, it is recommended to maintain a 10 mm distance between the wearable

device and the body when worn by miners in underground mine environments.

However, this study did not assess factors like high temperature, humidity, or

sweating during mine work, which is crucial for real-world implications. Investi-

gating these parameters in underground mines is vital, especially considering tem-

perature variations with depth. Additionally, conducting thorough investigations

into long-term RF-EMF exposure in realistic working environments is crucial. This

includes assessing potential biological health risks, emphasizing the importance of

comprehensive studies integrating exposure measurement and health impact eval-

uation.
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8.4 Conclusion

This chapter shows realistic measurements of the wearable device’s RF-EMF ex-

posure in a Wits mock mine tunnel using a Cornet RF-EMF meter at 2.4 GHz.

The measurements were conducted to measure RF-EMF exposure of the wearable

device in underground mock mine tunnel. The power densities were simulated and

analytically calculated to compare the measured data for different distances from

the wearable device. However, it is essential to note the inherent limitations of the

RF-EMF meter, which preclude the assessment of RF-EMF exposure in terms of

SAR and temperature elevation, given their dependence on tissue properties.

To the author’s best knowledge, no study has measured the RF-EMF exposure

of the wearable device in a realistic environment. Therefore, the main focus was

measuring RF-EMF exposure from wearable devices in a realistic underground

mine environment. To facilitate these measurements, we developed a prototype

of the ESP32-WROOM wearable device tailored for the RF-EMF measurements.

While our primary focus was on RF-EMF exposure, we integrated a temperature

and humidity sensor into the prototype for supplementary data collection. Addi-

tionally, the wearable device is powered by a rechargeable battery, ensuring ease

of mobility.

Our measurement campaign was conducted at varying distances of 5 mm, 10 mm,

15 mm, and 20 mm from the wearable device, systematically recorded using the

Cornet ED88T Plus 5G meter in the Wits mock mine tunnel (a realistic simulated

underground mine environment). Subsequently, the collected data underwent rig-

orous analysis and comparison with simulated and analytical data sets. Discrepan-

cies observed between simulated and measured PD values were attributed to real-

world variables such as the presence of surrounding structures and electromagnetic

interference from other wireless communication systems operating within the mine

tunnel.

Furthermore, it is important to recognize that analytical calculations have limited
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applicability, primarily in the far-field region of the MIFA, which begins at approx-

imately 5.2 mm. Consequently, the differences between simulated and measured

power density values decrease as the distance from the source increases. Fur-

thermore, the polarization mismatch between the MIFA and the Cornet RF-EMF

meter’s antenna significantly affects the accuracy of the results. Therefore, using

an RF-EMF meter capable of measuring power density values in three-dimensional

planes (i.e., in the x, y, and z axes) is advisable.

At the distance of 5 mm, the measured PD was higher than the ICNIRP guidelines

[4]. However, these values were below the recommended limits for 10 mm, 15 mm,

and 20 mm distances. Therefore, 10 mm is a safer distance for RF-EMF exposure

in the underground mine environment. Additionally, when a wearable device is in

contact with a miner’s body, it is crucial to maintain a safe distance of at least 10

mm. To further reduce RF-EMF exposure, shielding and directional antennas are

recommended, as these can help redirect radiation away from the human body.



Chapter 9

Conclusion

This chapter summarizes the research findings on RF-EMF exposure from wear-

able devices in underground mine environments and recommends strategies for

mitigating these effects. Additionally, it discusses future directions for further

investigation and measurement of RF-EMF exposure in underground settings.

9.1 Key Findings and Insights: Addressing the Research

Questions

This study investigated RF-EMF exposure from wearable devices to assess SAR

and temperature elevation in tissues across various underground mine environ-

ments. It also explored the application of ML models to predict SAR and temper-

ature elevations to reduce the extensive computational demands associated with

numerical simulations. Furthermore, a wearable device prototype was developed

to measure realistic RF-EMF exposure within an underground tunnel.

A commonly used IoT wearable device, ESP32-WROOM, equipped with an om-

nidirectional MIFA antenna operating at 2.4 GHz, was considered to evaluate

RF-EMF exposure in an underground mine environment. The LiDAR scan model

of the Wits mock mine tunnel was incorporated to evaluate RF-EMF exposure

accurately and determine its impact on SAR values in a simulated environment.

The SAR variability for different parameters associated with RF-EMF exposure

and the underground mine environment was also investigated. Furthermore, the

temperature elevation in tissues was examined for different ambient temperatures

168
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in underground mine environments. The maximum temperature elevation in tis-

sues was compared across various ambient temperature variations and durations

of RF-EMF exposure.

The numerical simulations are computationally intensive and time-consuming, es-

pecially when exploring various parameters associated with RF-EMF exposure.

For example, running a parametric sweep for 50 parameter variations can increase

simulation time by 50. Therefore, an alternative solution is needed to reduce sim-

ulation time and workload. Additionally, evaluating temperature elevation due

to RF-EMF exposure requires using a mechanical solver and importing results

from an electromagnetic solver, which demands expertise, extensive data storage,

increased simulation time and additional license.

ML can address these challenges by predicting SAR and temperature elevation

across various parameters. Recent advancements have demonstrated that ML

models can estimate SAR from MRI images, providing a quicker alternative to

numerical simulations for assessing RF-EMF exposure. In this study, ML models

were utilized to predict SAR and temperature elevation under different parameter

variations, and their performance was evaluated to ensure accuracy. Finally, RF-

EMF exposure was measured using a Cornet RF-EMF meter in an underground

tunnel, enabling a comparison of power densities between analytical and simulated

setups. The following conclusions were derived from the results obtained through

numerical simulations, machine learning, and measurements:

• The findings indicate that SAR values exceeded the ICNIRP guidelines [4]

for both wrist and waistline scenarios when the device was placed 5 mm away

from the body and operated at its maximum power level of 0.1 W. However,

the SAR values decreased below the ICNIRP guidelines for distances greater

than 12 mm for all scenarios, indicating it as a safe mounting distance for

the wearable device.

Furthermore, SAR values are influenced by the power level and show marginal

variation with the antenna’s orientation. Therefore, careful consideration of
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the placement of the wearable device is essential, and maintaining a safer

distance is recommended to mitigate RF-EMF exposure. Additionally, the

use of directional antennas in wearable devices, which transmit less RF-EMF

towards human tissues, is also recommended for minimizing the impact of

RF-EMF exposure.

• The SAR values were marginally higher in underground mine scenarios for all

considered mounting positions of the wearable device compared to the free

space environment. Additionally, SAR values exhibited marginal variation

with changes in the permittivity of the rock properties. The results indicate

that distances greater than 100 mm between the RF-EMF source and the

tunnel structure do not affect SAR values in simulated scenarios. This is

because the reflections from the tunnel boundaries had weak power, leading

to low reflected power RF-EMF from those boundaries. Therefore, distances

greater than 100 mm are considered safe from the RF-EMF source.

• The temperature elevation in tissues due to RF-EMF exposure was evaluated

at various ambient temperatures within the underground mine environment,

specifically 400 C and 500 C. The maximum temperature increase in tissues

remained below the ICNIRP guidelines for both wrist and waistline mount-

ing positions across all ambient temperatures. Furthermore, the impact of

varying temperatures had minimal influence on the wearable device’s ther-

mal response to the RF-EMF source. Notably, the temperature elevation in

tissues was higher for the wrist than for the waistline scenarios, attributed

to the differing shapes of the tissues in these areas. This suggests that the

waistline is a more suitable mounting position for the wearable device. How-

ever, it is crucial to note that the wrist tissues are categorised as peripheral.

SAR and temperature elevation limits for these tissues are higher than those

of the waistline tissues, providing more room for RF-EMF exposure to reach

the threshold. Considering the ICNIRP limit, the wrist is the best place to

mount the wearable device in underground mine settings.
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• The RF-EMF exposure for various time durations was also explored for wrist

and waistline scenarios at 400 C. In this scenario, only 400 C was explored

because the change in ambient temperature does not alter the temperature

elevation in tissues due to RF-EMF exposure. Therefore, the results for

400 C also validate the evaluation at 500 C for different durations of RF-

EMF exposure. It was noted that the maximum temperature elevation in

tissues increased rapidly and reached close to its maximum value after ap-

proximately one hour of continuous RF-EMF exposure. Interestingly, the

temperature elevation in tissues did not reach its maximum value even after

8 hours of RF-EMF exposure. Long-term exposure to the wearable device

indicates that after one hour of continuous exposure, the temperature in-

crease in the tissues becomes minimal. Consequently, the wearable device

can be used continuously throughout the shift of 8 hours if the SAR values

are less than the ICNIRP guidelines. Nevertheless, increasing the distance

between the tissues and the RF-EMF source can further mitigate tempera-

ture elevations.

• This study also demonstrates the application of supervised ML and deep

learning models in predicting SAR and temperature elevation resulting from

RF-EMF exposure. Through systematic variation of RF-EMF parameters

and rigorous validation, we established ML algorithms’ reliability in predict-

ing SAR and temperature elevation in tissues. The Grid search CV was

applied to tune the best hyperparameters of the ML and deep learning mod-

els. The statistical t-test was also performed to validate the hypothesis for

the performance of ML models. The random forest, XGBoost, K nearest

neighbor and linear regression predict SAR accurately and validate the t-

test hypothesis that the error between actual and predicted values was close

to zero. The random forest, XGBoost, K nearest neighbor, and linear re-

gression also accurately predict temperature elevation in tissues with low

mean absolute and root mean square errors. However, the random forest,

XGBoost, and SVM failed to validate the t-test, which can be due to model
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complexity and high variability. The linear regression and K nearest neigh-

bor validate the t-test null hypothesis that the actual and predicted values

were closer to zero. The deep learning models such as CNN, LSTM, FCNN,

RNN and CNN-LSTM also performed well in the prediction of SAR and

temperature elevation in tissues. However, some models failed to pass t test

and showed zero p value which is due small variance of the error (0.0000).

These findings underscore the potential of ML techniques to inform risk as-

sessment and management strategies for RF-EMF exposure in occupational

settings. Leveraging ML algorithms offers a promising avenue for future re-

search to enhance predictive accuracy and develop targeted interventions to

mitigate RF-EMF hazards.

• Realistic measurements were taken in an underground mine tunnel using a

Cornet ED88T Plus 5G RF-EMF meter (also called an exposimeter) operat-

ing at 2.4 GHz. The exposimeter assesses RF-EMF exposure by measuring

the strength of electric and magnetic fields and power density at various

frequencies. Due to this, comparing with all the simulated SAR and tem-

perature elevation results was restricted. Despite the above simulated SAR

and temperature elevation assessment limitations, comparisons were drawn

between measured, simulated, and analytically calculated power densities.

The power densities were simulated at a distance of 5 mm, 10 mm, 15 mm,

and 20 mm from the MIFA.

• Similarly, analytical power densities were calculated using a classical expres-

sion that includes only distance from the device, output power, and antenna

gain. Based on our findings, the observed discrepancies between simulated

and measured power densities suggest that the simulated results serve as

an upper bound for the actual measurements. This discrepancy can be at-

tributed to real-world variables and antenna polarization mismatch as MIFA

and exposimeter are linearly polarized. Therefore, it underscores the need

for RF-EMF meters to measure power density in three-dimensional planes.

Moreover, the analytical calculations can only be used for the far-field region



Chapter 9. Conclusion 173

calculations and do not account for polarization and frequency. Hence, al-

though the simulation results offer valuable insights, it is crucial to recognize

the impact of real-world variables and employ advanced measurement tech-

niques to measure RF-EMF exposure precisely. Measured results indicated

safer RF-EMF exposure distances of 10 mm or greater from the device, align-

ing with ICNIRP guidelines [4]. The findings highlight the importance of

maintaining safe distances and exploring shielding and directional antennas

to mitigate RF-EMF exposure risks in underground mine environments.

9.2 Improving Mining Safety: Insights from RF-EMF Ex-

posure

The findings of this study on RF-EMF exposure from wearable devices have several

implications for the South African mining industry. The key benefits are provided

below:

Improved Worker Safety: By identifying safe mounting distances for wearable

devices and ensuring that RF-EMF exposure remains below the ICNIRP

guidelines, mining companies can implement safer practices that protect

workers from potential health risks associated with RF-EMF exposure. This

is especially crucial in underground environments, where workers may en-

counter various RF-EMFs in challenging conditions.

Enhanced Monitoring and Risk Assessment: Using ML models to predict

SAR and temperature elevations offers a more efficient way to assess RF-

EMF exposure. This technology can be integrated into real-time monitoring

systems, allowing for proactive risk management and timely interventions

when RF-EMF exposure levels approach safety thresholds. It can also be

integrated with wearable device technology.

Optimized Device Design: The recommendations for using directional anten-

nas, RF shielding and maintaining safe distances can guide the design of
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future wearable devices used in the mining sector. It can lead to the de-

velopment of devices that minimize RF-EMF emissions while maintaining

functionality and enhancing worker comfort and safety.

Regulatory Compliance and Contribution to Industry Standards: The in-

sights gained from this research can help South African mining companies

ensure compliance with health and safety regulations regarding RF-EMF ex-

posure. The research findings can also contribute to establishing industry

standards and best practices for RF-EMF exposure in mining. This can

lead to a safer work environment and improve the overall reputation of the

mining sector in South Africa. However, the urgency of the matter is under-

scored by the need for more studies to measure RF-EMF exposure in a real

underground mine environment.

Awareness and Training: This study emphasizes the critical need for aware-

ness of RF-EMF exposure among workers and management. By offering

training informed by these findings, mining companies can cultivate a cul-

ture of safety and health consciousness among employees. Additionally, this

initiative can help mitigate misunderstandings regarding the potential risks

associated with RF-EMF exposure among workers and public health.

9.3 Limitation of the Research

This study evaluated SAR and temperature elevation in tissues using the ESP32-

WROOM-based MIFA antenna. Given that variations in the antenna’s structure

influence RF-EMF exposure metrics, the results presented here apply to all varia-

tions of the ESP32 board utilizing similar antenna structures. Although associated

parameters may vary, their generalization remains feasible as they are independent

of the antenna’s structure.

The influence of sweating, clothing, and other environmental factors on RF-EMF

exposure was not accounted for in the evaluation process. Prior research, such as

Moore et al., indicates that clothing can elevate tissue temperature, emphasizing
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the importance of considering these variables in RF-EMF exposure assessments

[25].

Additionally, the measurement conditions in this study may differ from real-world

conditions in underground mines. Consequently, the findings presented here are

restricted to using the ESP32 devices. It is imperative to incorporate various

wearable devices used in underground mines to assess their RF-EMF exposure

comprehensively. Furthermore, the RF-EMF measurement meter employed in this

study features a single-axis RF sensor, potentially reducing measurement accuracy.

9.4 Future Directions

Evaluating RF-EMF exposure from wearable devices is crucial, especially in under-

ground mining environments where workers use these devices for extended shifts.

This study evaluated the RF-EMF exposure at 2.4 GHz for wearable devices.

There is a need to consider the following parameters for future work to investigate

SAR and temperature elevation in workers due to RF-EMF exposure wearable

device:

• Frequencies, such as 5.8 GHz (5G Wi-Fi) and those used for LoRa (Long

Range wireless communication).

• Polarization of the electromagnetic radiation (linear and circular) in con-

fined environments. Literature indicates that circular polarization provides

better coverage than linearly polarized electromagnetic waves, potentially

increasing the RF-EMF exposure to the worker.

• A broader range of human models that consider variations in age, gender,

and weight.

• Working conditions include sweating, clothing, blood flow, and metabolic

rate.
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There is a need to incorporate ML models to mitigate RF-EMF exposure in such

environments more effectively. These ML models could be integrated into existing

wearable devices to estimate RF-EMF exposure, thereby enhancing public health

and ensuring the safety of workers. Future research can also incorporate addi-

tional parameters into the ML models to predict SAR and temperature elevation

in tissues. Furthermore, it can be expanded to include other frequencies, creat-

ing robust datasets for training the ML models. Additionally, incorporating more

advanced techniques with more RF-EMF exposure parameters and employing ro-

bust hyperparameter tuning for the ML models could further enhance prediction

accuracy.

This study investigated only the near-field RF-EMF exposure from the wearable

device. However, it is also essential to measure RF-EMF exposure to workers

from far-field sources, such as other wireless communication systems deployed in

the confined environment of underground mines.

There is an urgent need to conduct RF-EMF exposure measurements in real work-

ing underground mine environments to improve risk assessment and develop effec-

tive mitigation strategies. The author conducted multiple investigations based on

numerical simulations, emphasizing the necessity of measuring RF-EMF exposure

in these settings. Such measurements can assist underground mines in mitigating

risks and raising awareness about RF-EMF exposure among workers.
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ability of personal exposure to radio frequency electromagnetic fields,” En-

vironmental research, vol. 109, no. 6, pp. 779–785, 2009.
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B. Struchen, M. Röösli, A. K. Lee et al., “Assessment of radiofrequency

electromagnetic field exposure from personal measurements considering the

body shadowing effect in Korean children and parents,” Science of the Total

Environment, vol. 627, pp. 1544–1551, 2018.

[83] J. Karpowicz, S. de Miguel-Bilbao, P. Zradzńnski, K. Gryz, F. Falcone, and
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