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Abstract 9 

Background: The general population is exposed to Radio-Frequency Electromagnetic Fields (RF-10 

EMFs) used by telecommunication networks. Previous studies developed methods to assess this 11 

exposure. These methods will be inadequate to accurately assess exposure in 5G technologies. This is 12 

due to the fact that 5G NR (new radio) base stations will focus actively on connected users, resulting 13 

in a high spatio-temporal variations in the RF-EMFs. This increases the measurement uncertainty in 14 

personal measurements of RF-EMF exposure. Furthermore, a user’s exposure from base stations will 15 

be dependent on the amount of data usage, adding a new component to the auto-induced exposure, 16 

which is often omitted in current studies. 17 

Methods: The objective of this paper is to develop a general study protocol for future personal RF-18 

EMF exposure research adapted to 5G technologies. This protocol will include the assessment of auto-19 

induced exposure of both a user’s own devices and the networks’ base stations. 20 

Results: To account for auto-induced exposure, an activity-based approach is introduced. In survey 21 

studies, an RF-EMF sensor is fixed on the participants’ mobile device(s). Based on the measured 22 

power density, GPS data and movement and proximity sensors, different activities can be clustered 23 

and the exposure during each activity is evaluated. In microenvironmental measurements, a trained 24 
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researcher performs measurements in predefined microenvironments with a mobile device equipped 25 

with the RF-EMF sensor. The mobile device is programmed to repeat a sequence of data transmission 26 

scenarios (different amounts of uplink and downlink data transmissions). Based on simulations, the 27 

amount of exposure induced in the body when the user device is at a certain location relative to the 28 

body, can be evaluated. 29 

Conclusion: Our protocol addresses the main challenges to personal exposure measurement 30 

introduced by 5G NR. A systematic method to evaluate a user’s auto-induced exposure is introduced. 31 

Keywords: 5G, RF-EMF exposure, personal measurements 32 

1.  Introduction 33 

The growth of wireless telecommunication technologies has raised public concern about potential 34 

health effects of personal exposure to the radiofrequency electromagnetic fields (RF-EMFs) that are 35 

emitted by these networks and their users. In general, this exposure is divided in exposure caused by 36 

one’s own usage of mobile devices, so-called auto-induced exposure, and exposure caused by the 37 

network and other users nearby, so-called environmental exposure (Bhatt et al. 2016; Bolte 2016; 38 

Sagar, Dongus, et al. 2018). Various methods have been developed with the aim to assess this 39 

exposure such as: spatio-temporal maps (Aerts et al. 2018), personal microenvironmental 40 

measurements (Urbinello, Joseph, et al. 2014; Velghe et al. 2019), spot measurements (Verloock et al. 41 

2014), geospatial modelling (Beekhuizen et al. 2013), survey studies (Eeftens et al. 2018; Viel et al. 42 

2009), and simulations (Baracca et al. 2018; Thors et al. 2017). In the study of Röösli et al. (2010) a 43 

protocol was developed that can reduce dependency of measurement results in different studies on the 44 

used method. 45 

Röösli et al. (2010) identified two basic types of RF-EMF exposure dosimetry studies: population 46 

surveys (using measurements) and microenvironmental measurements. In a population survey, 47 

participants selected from the general public are given a personal exposure meter (PEM) to carry with 48 

them for a certain amount of time. They are instructed to keep a diary of their activities and based on 49 

this, summary statistics on population exposure are obtained. In microenvironmental studies, a trained 50 
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researcher performs the measurements in a way that represents the typical behaviour in the 51 

environment of interest. However, in both cases it has proven difficult to quantify the RF-EMF 52 

exposure induced within the user by their own devices. This auto-induced uplink (a-UL) exposure is 53 

very dependent on the location of the device relative to the body, the emitted frequency, and the power 54 

of the transmission, while the measured exposure level depends on the same factors, but has an 55 

additional dependency on the distance between the user device and the PEM. This creates a high 56 

measurement uncertainty on a-UL exposure. In microenvironmental studies this is often avoided 57 

completely by not using a personal device during measurements and limiting the research to 58 

environmental exposure. In populations surveys, the problem is often circumvented by relying on self-59 

reported usage of personal devices obtained using questionnaires or personal usage diaries. 60 

However, the up and coming 5th generation of telecommunications technologies (5G) is set out to 61 

fundamentally change the RF-EMFs  the public is exposed to (Aerts et al. 2019). The methods used to 62 

measure human exposure to sources from legacy technologies (2G – 4G) will be inadequate to 63 

representatively quantify RF-EMF exposure from 5G sources (Shikhantsov et al. 2020). This is mainly 64 

because 5G NR (new radio) base stations equipped with the enabling Massive Multiple-Input 65 

Multiple-Output (MaMIMO) technology will be able to continuously adapt their precoding to optimize 66 

the signal-to-noise ratio (SNR) at the specific locations of the user devices it services (Marzetta, 67 

2010). This results in rapidly changing fields, both in space and time, and thus a higher measurement 68 

uncertainty. Furthermore, a person’s exposure to base stations (i.e., downlink (DL) exposure) will be 69 

much more dependent on whether they act as a user or not. Thus, a person’s auto-induced exposure 70 

will no longer be limited to the UL exposure from their own devices, but will also include DL 71 

exposure from 5G NR base stations (Baracca et al. 2018). Moreover, it is expected that the auto-72 

induced fraction of the DL exposure will be the dominant component (Baracca et al. 2018). Therefore, 73 

the need to include the assessment of auto-induced exposure in measurement campaigns is apparent. 74 

Additionally, 5G NR networks will also use new channel access methods (Thors et al. 2017), 75 

frequency bands (Pi and Khan 2011), and network architectures (Torfs et al. 2018). All these factors 76 



4 

will alter the general public’s exposure to RF-EMFs and warrant a need for an updated protocol for 77 

measurements of personal exposure to RF -EMFs. 78 

The object of this paper is to develop a general study protocol for future personal RF-EMF exposure 79 

research adapted to 5G technologies. This protocol will include the assessment of auto-induced 80 

exposure of both a user’s own devices and the networks’ base stations, and will cover both survey 81 

studies as well as microenvironmental research. The proposal will be developed using lessons learned 82 

from previous RF-EMF exposure research and current knowledge on 5G technologies, including 83 

studies simulating 5G NR base stations and measurements around 5G NR test sites. 84 

In Section 2, the necessary background information is given to understand the challenges 5G NR 85 

presents in terms of personal exposure measurements. This includes a review of the protocol currently 86 

used in personal exposure studies, an explanation of how and why the RF-EMFs in 5G NR behave 87 

differently compared to legacy technologies, and a reiteration of why a new research protocol is 88 

needed. In Section 3 describes the proposed research protocol including the necessary features of new 89 

measurement devices, the measurement procedure, and the data processing. Finally, in Section 4, we 90 

will discuss how this procedure is adapted to the challenges listed in Section 2 and what future 91 

research will be necessary to optimize the protocol. 92 

2.  Background 93 

2.1. Review of the current exposure dosimetry protocol 94 

As stated in the introduction, this study focuses on developing a protocol for survey studies (Eeftens et 95 

al. 2018) and microenvironmental studies (Sagar, Adem, et al. 2018) of personal exposure to RF 96 

EMFs. Both types of research have different qualities in terms of assessing personal exposure to RF 97 

EMFs in the population. The advantage of a population measurement survey is that the results 98 

represent human behaviour throughout full 24-hour cycles (Viel et al. 2009). The advantage of 99 

microenvironmental studies, on the other hand, is that certain exposure-related parameters are more 100 
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controlled, e.g. a fixed, calibrated position of the PEM on the body and no use of own mobile devices 101 

(Urbinello, Huss, et al. 2014). 102 

In survey studies, the goal is to assess personal exposure in certain parts of the population (Eeftens et 103 

al. 2018). These parts are typically defined by parameters such as age, living area, type of job, etc. 104 

From each group a number of participants is selected, which all are given a measurement device, such 105 

as a PEM (Birks et al. 2018; van Wel et al. 2017). Other studies have been performed where the 106 

participants installed an application on their own smartphone, or replaced their own smartphone with 107 

an alternate that is equipped with an application, logging the transmitted power of the device and 108 

certain parameters quantifying the connectivity to the network, such as the Received Signal Strength 109 

Indicator (RSSI) (Bhatt et al. 2018). The participants have to carry the measurement device (PEM or 110 

smartphone) with them for a number of days and keep a diary of their activities (van Wel et al. 2017). 111 

Furthermore, the measurement device often tracks GPS data (van Wel et al. 2017). The main 112 

requirements are that participants are randomly selected, representative for their part of the population, 113 

and that the sample of participants is large enough (Eeftens et al. 2018).  114 

Currently, a-UL exposure is already the biggest source of measurement uncertainty in survey studies 115 

(Viel et al. 2009). This uncertainty is mainly caused by a discrepancy between the measured personal 116 

exposure and the actually induced personal exposure during a-UL. An explanation for this 117 

measurement uncertainty can be found in the difference in location where the exposure is measured 118 

(location of the PEM) and where the exposure is induced (location on the human body near the user 119 

device (Rubtsova et al. 2015)). An alternative technique to register a-UL exposure is the use of 120 

personal diaries.  However, these are subject to human error, recall bias and, more importantly, the 121 

exposure is dependent of the power output of the device, which cannot be assessed by participants of a 122 

survey study. The emitted power depends (amongst other factors) on the connectivity of the phone, 123 

which cannot be deduced from measured PEM data. 124 

In microenvironmental studies, the goal is to assess personal exposure in certain geographical areas 125 

(Thielens et al. 2018). The areas under study are divided into microenvironments. These are either 126 

smaller parts of the area defined by the typical activity performed by the public (residential, 127 
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commercial, industrial, etc.), or inside buildings (offices, homes, schools, train stations, etc.), or while 128 

using a certain means of public transportation (trains, busses, etc.). The researcher then defines a path 129 

through the microenvironment or certain public transportation lines along which they perform a set of 130 

repeated measurements, potentially divided into specific timeslots, by wearing a PEM (Thielens et al. 131 

2018). Currently microenvironmental measurements are only performed in non-user scenarios, and the 132 

measured exposure is catalogued as environmental exposure. To get a representative measurement of 133 

DL exposure in an environment, at least 15 minutes of walking suffices (Urbinello, Huss, et al. 2014). 134 

Bolte (2016) determines four factors influence the measurement uncertainty of PEMs: mechanical 135 

errors, the measurement process due to hardware of software filters, the anisotropy effect, and 136 

influence of the body (shadowing, absorption, and reflection). The last three can be reduced by 137 

performing (on-body) calibrations or wearing multiple devices. Thielens et al. (2015) found that the 138 

measurement uncertainty can be reduced by 2.6 dB by wearing two PEMs simultaneous and by 139 

performing an on-body calibration of the PEMs. 140 

2.2. Behavior of RF-EMFs in MaMIMO technologies 141 

Throughout this paper, different sources of RF-EMF exposure are divided into five categories: 142 

• Environmental broadcasting downlink (BC): In many networks a control is sent out by the 143 

base stations to find potential users. 144 

• Environmental data transmission (traffic) downlink (e-DL): In legacy technologies data 145 

transmission happens over fixed, cell-wide beams. In LTE-Advanced (4.9G) and 5G NR, 146 

narrow beams aimed from base stations at other, nearby users. In non-line-of-sight, hotspots 147 

created around other users’ devices in the future. 148 

• Environmental uplink (e-UL): Data transmission from devices of other, nearby users 149 

towards a base station. 150 

• Auto-induced data transmission downlink (a-DL): Narrow beam aimed from base station at 151 

a user’s own device or hotspot created around it. 152 
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• Auto-induced data uplink (a-UL): Data transmission from a user’s own device towards a 153 

base station. 154 

A non-user is exposed to the first three (i.e. only environmental sources), a user is exposed to all five. 155 

In 5G NR, downlink data transmission will occur over adaptive channels in order to maximize the 156 

signal to noise ratio at the intended user (Marzetta 2010). The technology enabling this is broadly 157 

referred to as (Ma)MIMO: each of the base station antenna elements will configure its phase and 158 

amplitude to ensure constructive interference at the intended user equipment (UE, e.g., a smartphone) 159 

and destructive interference at unintended users. This is also called spatial multiplexing. A user’s 160 

exposure from data transmission DL depends on the position of the UE relative to the base station: 161 

either the UE is in line-of-sight (LOS) of the base station or the UE is in non-line-of-sight (NLOS) of 162 

the base station. In LOS, the base station configuration leads to narrow beams towards the UE (Thors 163 

et al. 2017). In NLOS, the base station configuration leads to an EMF hotspot at the UE (Shikhantsov 164 

et al. 2019). This hotspot is created by the interference of multiple reflected and/or refracted paths. 165 

This is in contrast to legacy technologies, where data transmission DL occurs over a fixed beam 166 

(typically with an opening angle of 120°) covering a whole sector. This means that the fields 167 

transmitted by a 5G NR base station will be much more dynamic and spatially more diverse.  168 

This also means that a big component of a user’s data transmission DL exposure will be auto-induced 169 

(a-DL exposure): by demanding data from the network, a user will pull a beam or hotspot towards 170 

their UE. The power density in this beam or hotspot will be correlated to the downlink throughput 171 

(Brzozek et al. 2019). Maximum ratio transmission, the precoding algorithm used to create such RF 172 

EMF hotspots, is only one example of the many types of precoding algorithms than can be applied on 173 

MaMIMO antennas (Marzetta 2010). Other precoding algorithms use destructive interference to create 174 

a zero at a user to reduce signal interference with other users. In legacy technologies, a user’s own 175 

activity has little influence on their DL exposure (Velghe et al. 2019), so all DL exposure was 176 

considered environmental. The concept of a-DL exposure will be new for 5G NR.  177 
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Spatial multiplexing and focusing on users increase the signal-to-noise ratio. This increase in signal-178 

to-noise ratio will most-likely be accompanied with higher EMF values at the user device than what 179 

can be achieved using broad beams from the base station (the current technology). This implies that a-180 

DL exposure will likely be higher than environmental DL exposure. The increased signal-to-noise 181 

ratio also allows for the use of higher frequencies (3.5 GHz, 26 GHz and 60 GHz are candidates 182 

(Sulyman et al. 2014; Yilmaz, Fadel, and Akan 2014)). These higher frequencies are less used in 183 

current networks because of the increased path loss and consequently low signal-to-noise ratio. 184 

However, using new precoding techniques the signal-to-noise ratio at these frequencies can be 185 

increased and more bandwidth can become  available. Consequently, higher throughputs are possible 186 

Another factor increasing the bandwidth of 5G NR is the use of Time Division Duplexing (TDD) 187 

(Baracca et al. 2018; Thors et al. 2017). This means that the UL and DL to one or multiple users share 188 

the same frequency resources, but are allocated different time resources. This again adds to the 189 

dynamic nature of 5G. Next to TDD, users may also be assigned separate bandwidth parts, as is 190 

currently the case for e.g. 4G, increasing the options for a base station to optimize its configuration 191 

(Aerts et al. 2019).  192 

2.3. Implications of 5G on personal exposure assessment 193 

With 5G NR, the importance of auto-induced exposure will increase. Currently, only auto-induced UL 194 

exposure is important, since a-DL and e-DL are the equal in the current networks. However, in 5G 195 

NR, they will be separated and a-DL will have a significant impact on the user’s exposure as well, due 196 

to the beam towards or hotspot at the UE. Thus, auto-induced exposure will form a bigger fraction of 197 

one’s total exposure. In this case, the relevance of studies restricted to environmental exposure 198 

becomes questionable in the 5G era. Therefore, a protocol in which auto-induced exposure is 199 

accounted for is needed. 200 

Next, this also leads to a higher measurement uncertainty of auto-induced exposure in survey studies. 201 

We discussed the current measurement uncertainties of a-UL in section 2.1. Now, with the narrow 202 

beam or hotspot focusing, not only the a-UL, but also the a-DL exposure measurement will be highly 203 
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dependent of the location of the PEM. This thus makes any measurement of auto-induced exposure 204 

much more uncertain. 205 

Additionally, in both survey and microenvironmental studies, there will be an increased measurement 206 

uncertainty on the assessment of e-DL exposure. We speculate that many of the behaviours of e-UL 207 

exposure will also be exhibited by e-DL exposure. This is because both of them will be dependent of 208 

the proximity of other users and the amount of data transfer going to and from these users. In current 209 

microenvironmental studies, e-UL exposure shows the highest uncertainty. 210 

Lastly, there are some causes for increased measurement uncertainty that apply to each of the five 211 

categories of exposure sources: (1) Body-shielding is one of the sources of measurement uncertainty. 212 

Due to the use of higher frequency bands, the effect of body shielding can be stronger (Thielens, 213 

Martens, and Joseph 2017). (2) Due to the higher frequencies as well as the use of TDD, the channel 214 

bandwidths will increase. A larger bandwidth that has to be simultaneously  measured by a PEM, will 215 

be accompanied by more noise. (3) Due to TDD and flexible bandwidth part configurations, 216 

transmissions can be short and potentially highly variable in the use of frequency domain and time 217 

domain resources. Since a PEM is not connected with the network, it might sample the band at the 218 

wrong time. (4) UL, data transmission DL, and broadcasting DL can all occur in the same frequency 219 

band. Therefore, using the current PEMs, it would be impossible to know what the source of the 220 

exposure is.  221 

3.  Research protocol 222 

3.1. Activity-based exposure assessment 223 

A user has many options on how to use the network, influencing their auto-induced exposure. Two 224 

variables are important here: (1) the location of the UE relative to the user’s body and (2) the amount 225 

of data transmission in both UL and DL cases. The location of the UE is important because the user’s 226 

exposure depends on the coupling of EM energy in the user’s body, which depends on the separation 227 

between the UE and the body. The relative position of the user’s body will also affect the channels 228 
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from the base station to the UE. Therefore, it will also affect the size and shape of the beam or hotspot 229 

aimed at the UE. The DL and UL transmissions are important because a higher EM power aimed at or 230 

emitted by the UE, implies a higher exposure of the user.  231 

Furthermore, users’ environmental exposure depends on the time and location within a 232 

microenvironment and the type of microenvironment. As an example we refer to the measurements on 233 

train rides performed in (Velghe et al. 2019): in a non-user case, the measured power density Se-UL 234 

from e-UL sources during rush hours was highest on train rides, while the Se-DL was lowest on train 235 

rides (no distinction was made between e-DL and BC). During rush hours (with more people on the 236 

train), the Se-UL during these rides was about 12 times higher than during non-rush hours. This shows 237 

how a microenvironment and the timeslot influence environmental exposure. Now assume a user in 238 

this scenario. They undergo the same environmental exposure as a non-user and additionally the auto-239 

induced exposure from their own use. The specific amount of auto-induced exposure is again 240 

influenced by the microenvironment: during a train ride, the user might use their personal device, 241 

causing their Sa-DL and Sa-UL. The quality of the connectivity also affects their Sa-DL and Sa-UL. Lastly, 242 

the position of their mobile device relative to their body influences Sa-DL and Sa-UL as well. 243 

Therefore, we propose to move towards an activity-based exposure assessment. An activity j (1…J) 244 

has the following eight attributes: the microenvironment m (1…M), the timeslot t (1…T), the position 245 

of the device p (1…P), and the measured power densities from each of the five source categories: Sa-246 

UL, Sa-DL, Se-DL, SBC, and Se-UL. Figure 1 shows a flowchart of the proposed research protocol. The study 247 

design assumes either a survey study or a microenvironmental study.  248 

Figure 1: Flowchart of the measurement procedure for survey studies (left) and microenvironmental studies (right). 249 

3.1.1. Survey studies 250 

In survey studies,  exposure can be obtained directly from activities. The selected participants are 251 

given a mobile device, which tracks their GPS coordinates, timing of telecommunication-related 252 

activities, the movement and proximity of the device relative to the body, and the amount of power 253 

emitted (resulting in Sa-UL) by the device. The device is also equipped with an (external) RF-EMF 254 
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sensor measuring Sa-DL, Se-DL, SBC, and Se-UL. The technical requirements for this equipment are 255 

discussed in Section 3.2. Lastly the participants can optionally track their activities in a diary. The 256 

results are then used as input to a clustering analysis (Tognola et al. 2019) in order to define J 257 

activities. For each activity j we then define an activity specific power density vector 𝒂𝑗: 258 

𝒂𝑗 = [𝑆𝑎𝑈𝐿,𝑗 𝑆𝑎𝐷𝑇𝐷𝐿,𝑗 𝑆𝑒𝐷𝑇𝐷𝐿,𝑗 𝑆𝐵𝐶𝐷𝐿,𝑗 𝑆𝑒𝑈𝐿,𝑗]𝑇
,    (Eq. 1) 259 

with Ssource,j the measured power density from the specific source category during activity j. Next, the 260 

exposure received by the user is dependent on the position of the device relative to their body. 261 

Therefore we introduce a position coefficient βsource,j transforming the measured power density from a 262 

specific source category to the received power density (Foerster et al. 2018). This is based on 263 

simulations and will be discussed in Section 3.4. This then leads to a five-dimensional position 264 

coefficient vector βj where the coefficients should be ordered in the same manner as for 𝒂𝑗 based on 265 

which source they apply to. Lastly, each activity has a duration fraction τj (duration of this activity 266 

relative to the total study duration). The total exposure based on activities can then be calculated as: 267 

𝑆𝑡𝑜𝑡 = ∑ 𝜏𝑗(𝜷𝑗 . 𝒂𝑗)𝐽𝑗=1 .     (Eq. 2) 268 

3.1.2. Microenvironmental studies 269 

To include auto-induced exposure in microenvironmental studies, a mobile device (UE) will be 270 

needed. The UE can download and upload data during the measurement in a controlled manner, 271 

emulating a specific user activity. However, it is unrealistic to measure all possible activities J. 272 

However, it is possible to measure extreme scenarios of data transmission (maximum and minimum 273 

(while still being connected)) for both UL and DL. Together with the a non-user case, this gives five 274 

data transmission situations. We listed these in Table 1 with examples of realistic data transmission 275 

scenarios at three typical positions of the UE around the body (against the ear, in front of the body 276 

carried in a hand, and in a pocket (shirt, trousers, vest, etc.)). The UE is typically against the ear when 277 

performing a phone call, which is not an extreme UL or DL data transmission case. During the 278 

measurement the researcher should keep the UE at a fixed position, from where the measured power 279 
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density values can be transformed to received power density values as discussed for survey studies in 280 

Section 3.1.1. With this fixed position, five scenarios remain, each with differing amounts of UL and 281 

DL data transmission as shown in the first column of Table 1. Due to the flexible allocation of 282 

frequency and time domain resources by the base station, it is probable that the amount of DL data 283 

transmission and UL data transmission will influence the configuration of these recourses allocated to 284 

the other direction of the data stream. Assuming the a-UL allocations in (max UL) stay the same 285 

independent of the amount of a-DL and vice versa, the (max UL, min DL) situation(s) can be inferred 286 

using a linear combination of the other three situations: 287 

(𝑚𝑎𝑥 𝑈𝐿, 𝑚𝑖𝑛 𝐷𝐿)  =  (𝑚𝑎𝑥 𝑈𝐿, 𝑚𝑖𝑛 𝐷𝐿) – (𝑚𝑖𝑛 𝑈𝐿, 𝑚𝑎𝑥 𝐷𝐿)  +  (𝑚𝑖𝑛 𝑈𝐿, 𝑚𝑖𝑛 𝐷𝐿)          (Eq. 3) 288 

This results in four scenarios we propose to perform. These should be programmed in the UE to run 289 

each for a certain amount of time (e.g. 1s) in a sequence that will be repeated throughout the 290 

measurement. 291 

Table 1: Positions of the UE near the body in each case of the amount of data transmission in UL and DL. Some 292 

typical activities are given. 293 

Data transmission 

UE locations relative to body 

Against ear In front In pocket 

No connection n/a n/a n/a 

(min UL, min DL)    Reading No activity 

(min UL, max DL)  Video streaming (DL) Big file download 

(max UL, min DL)  Video streaming (UL) Big file upload 

(max UL, max DL)  Video call Operation requiring low 

latency and Cloud Computing 

 294 

On the right side of Figure 1 the flowchart of the proposed procedure for microenvironmental studies 295 

is shown. In each microenvironment m (1…M), timeslot t (1…T), and scenario k (1…K) we define a 296 

scenario specific power density vector 𝐬𝑘𝑚𝑡: 297 
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𝐬𝑘𝑚𝑡 = [𝑆𝑎𝑈𝐿,𝑘𝑚𝑡 𝑆𝑎𝐷𝑇𝐷𝐿,𝑘𝑚𝑡 𝑆𝑒𝐷𝑇𝐷𝐿,𝑘𝑚𝑡 𝑆𝐵𝐶𝐷𝐿,𝑘𝑚𝑡 𝑆𝑒𝑈𝐿,𝑘𝑚𝑡]𝑇
,           (Eq. 4) 298 

with Ssource,kmt the measured power density from the specific source category during scenario k, in 299 

microenvironment m and during timeslot t. Thesescenario specific power density vectors can be 300 

combined using a weighted sum to estimate at a total exposure per microenvironment and timeslot. 301 

From survey studies, the J relevant activities for microenvironment m and timeslot t should be 302 

selected. For each activity-specific power density vector amtj, a linear combination of scenario specific 303 

power density vectors with coefficients 𝛄𝑘𝑚𝑡𝑗 can be made:  304 

𝒂𝑚𝑡𝑗 = ∑ 𝛄𝑘𝑚𝑡𝑗°𝒔𝑘𝑚𝑡𝐾𝑘=1  ,             (Eq. 5) 305 

with 𝛄𝑘𝑚𝑡𝑗 a vector of five dimensionless coefficients (for each dimension of s and a) and ° the 306 

elementwise or Hadamard product. As discussed in Section 3.1.1, the total exposure is the sum of the 307 

exposure in each activity, weighted by the fraction of time spent in this activity τ𝑗 and the position 308 

coefficient vector of each activity 𝜷𝑗. We can apply this approach per microenvironment m and 309 

timeslot t: 310 

S𝑡𝑜𝑡,𝑚𝑡 = ∑ τ𝑚𝑡𝑗(𝜷𝑚𝑡𝑗 . 𝒂𝑚𝑡𝑗)𝐽𝑗=1  .            (Eq. 6) 311 

Eq. 5 can be used to substitute 𝒂𝑚𝑡𝑗. This results in an expression for the total exposure based on 312 

measurement scenarios in microenvironment m and during timeslot t: 313 

S𝑡𝑜𝑡,𝑚𝑡 = ∑ 𝒘𝑘𝑚𝑡. 𝒔𝑘𝑚𝑙𝐾𝑘=1  ,             (Eq. 7) 314 

with 𝒘𝑘𝑚𝑡 the total weighting vector:  315 

𝒘𝑘𝑚𝑡 = ∑ τ𝑚𝑡𝑗(𝜷𝑚𝑡𝑗°𝛄𝑘𝑚𝑡𝑗)𝐽𝑗=1 .      (Eq. 8) 316 

3.2. Measurement equipment 317 

As shown in Figure 1, a combination of two devices is proposed: (1) a personal exposure meter (PEM) 318 

and (2) a mobile device connected to the 5G NR network. 319 
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The novel PEM will be used to measure both environmental and auto-induced 5G NR exposure. In the 320 

case of TDD, it will not possible to separate UL and DL contributions by frequency alone, as all of the 321 

5G NR signals (BC, DL, and UL) occur in the same frequency band. However, mobile network 322 

operators will synchronize 5G NR transmissions (at least per country). This means that the TDD slot 323 

format will be fixed, which, in theory, could be used to discern UL and DL exposure if the sampling 324 

speed of the PEM can be fast enough. In other words, to distinguish between at least the downlink (i.e. 325 

a-DL + e-DL + BC) and the uplink (a-UL + e-UL) exposure sources, the PEM should be able to 326 

measure the rms power per slot of the 5G NR radio frame. For sub-6-GHz signals, the shortest slot 327 

duration is 0.25 ms (i.e. in the case of an SCS of 60 kHz) (3GPP, 2017). This is much faster than any 328 

PEM today, which sample only once every 3 to 4 s. The high sampling rate will massively increase the 329 

data storage and battery life needs of the required PEM. Furthermore, it may also be possible to 330 

effectively distinguish between a-DL, e-DL, and BC, as well between a-UL and e-UL by keeping an 331 

accurate diary and additional post-processing, based on the difference in the distributions of the 332 

received powers per slot. Unfortunately, the difficulty to synchronize the PEM sampling with the 333 

specific slot timing will also induce additional measurement uncertainty.  334 

In order to experimentally assess the exposure of a user in a 5G NR network, user equipment is needed 335 

to attract (a) beam(s)/hotspot(s). In survey studies, the mobile device should act as the participant’s 336 

own user device with which they can conduct their normal mobile activities, and in 337 

microenvironmental measurements, it will be used to emulate different scenarios. Besides the 338 

possibility of inducing a-DL and a-UL exposure, which can then be measured with the PEM, the 339 

device can be equipped with an application such as XMobiSense (Langer et al. 2017) to log the 340 

Received Signal Strength Indicator (RSSI) from which SBC could be derived (after calibration). 341 

Equipping the mobile device with an RF-EMF sensor such as DEVIN would further enable one to 342 

keep track of a-UL exposure, which would make it easier to differentiate a-UL and e-UL. 343 

In the case of microenvironmental studies, the PEM(s) and the mobile device should be fixed on the 344 

body and should thus be on-body calibrated, so that the measurements by the PEM(s) can be used to 345 

estimate the shape of the hotspot or beam and help calculate βmtj. 346 
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In order to calculate βj per activity j from survey studies, the location of the mobile device relative to 347 

the body during the activity should be known, e.g. by using existing smartphone proximity sensors, 348 

gyroscopes, alternative methods of monitoring (such as motion tracking or external inertial sensors), 349 

and statistics on biomechanical movements (during certain activities or in general during the day). 350 

3.3.  Measurement procedure 351 

For a microenvironmental study, first, the microenvironments and timeslots to be assessed are 352 

identified. Then, the scenarios which the mobile device should cycle through are selected. Since more 353 

scenarios means less time that can be spent in each scenario, a total of four scenarios were proposed in 354 

Section 3.1.2. 355 

In each microenvironment a measurement path is defined. Previous studies found that at least 15 min 356 

of walking along such a path obtains reproducible results within a microenvironment (Thielens et al. 357 

2018). More scenarios will increase the measurement time that is necessary to have representable 358 

results for each scenario within the microenvironment. 359 

A good practical measurement setup, which also reduces the measurement uncertainty, is measuring 360 

with two on-body calibrated PEMs simultaneously, such as on the left and right hips, and a mobile 361 

device on a third fixed location. The calibration procedure as lined out in (Thielens et al. 2015) can be 362 

followed. 363 

3.4. Data processing 364 

From the survey studies, J activities should be defined using clustering analysis. Discrete positions 365 

(locations relative to the body), microenvironments and timeslots should be defined and used as labels. 366 

Per position, the factors βj should be calculated. Previously, a number of simulation studies have 367 

assessed the exposure of a body nearby a radiating EM source. Current work on numerical simulations 368 

is being done to show the shape of a local hotspot near a user, which depends on the locations of both 369 

base station and UE. Hence, by comparing the powers received by the PEMs and by the UE, and 370 
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fixing the UE on a known position on the body, the shape of the local hotspot, as well as the related 371 

exposure of the body could be estimated based on those numerical simulations.  372 

The data from the microenvironmental measurements should be weighted for each of the scenarios 373 

based on the activities present in the specific microenvironment and during the specific timeslot in 374 

order to obtain summary statistics on the exposure quantities in certain activities. As discussed in 3.2, 375 

it may be possible to split a-UL and e-UL, and a-DL, e-DL, and BC based on their different 376 

distributions. These differences in distributions are caused by the proximity of the source to the 377 

measurement device and fundamental differences in data transmission in UL, DL, and BC. 378 

4.  Discussion 379 

The implementation of MaMIMO base stations with adaptive precoding in the fifth generation of 380 

telecommunication networks will lead to a high spatial and temporal variability on the RF-EMFs. This 381 

will be one of the sources of an increase in measurement uncertainty on personal exposure 382 

measurements. Furthermore, MaMIMO will introduce an auto-induced downlink component to the 383 

personal RF-EMF exposure in the population. In the current protocol for personal exposure 384 

measurements, auto-induced exposure is typically omitted. These two factors present a challenge  to 385 

the field of RF-EMF dosimetry. In this paper, we aim to transform this challenge into an opportunity 386 

to improve the assessment an individual’s exposure by including auto-induced exposure and by 387 

working with an activity-based model. 388 

As on the conception of this paper, there are no large-scale roll-outs of 5G NR with millions of users, 389 

many details of the protocol suggested in this paper are still based on preliminary insights and may be 390 

subject to adaptation taking into account results from future studies. Nevertheless, based on the public 391 

concern of RF-EMF exposure, it is important to have a practical protocol ready by the time 5G NR 392 

will be rolled out.  393 

In Eq. 1 we defined total exposure in terms of power density 𝐚𝑗 during each activity j. With the 394 

evolution of user data collection, it will be possible to calculate the τj’s, the fraction of time spent in 395 

each activity, for many users. The distribution of RF-EMF exposure in the population can then be 396 
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assessed on an individual level, with survey studies providing βj and 𝐚𝑗. This would be extremely 397 

useful for epidemiological studies and for relating potential long term health effects to RF-EMF 398 

exposure. It is important to stress the different goals of microenvironmental and survey studies. When 399 

a systematic analysis of exposure across time, different cities and different countries is needed, e.g. in 400 

order to test the implications of certain regulatory limits or to evaluate the high daily temporal 401 

fluctuations on a train, microenvironmental measurements are preferred. When the goal is to assess the 402 

exposure distribution in a certain population group, survey studies are preferred. 403 

This protocol encapsulates basic guidelines for the conduct of personal exposure measurements. Parts 404 

of it should be made more concrete, such as the selection of a fixed set of scenarios, or may be 405 

adapted. Other features might also be added, such as the use of this protocol to validate spatio-406 

temporal exposure maps based on measurement nodes, base station data, and surrogate modelling 407 

(Aerts et al. 2018). 408 

Challenges to be addressed in future work include: (1) the development of measurement equipment 409 

according to the requirements described in this paper, (2) numerical simulations validated by lab 410 

measurements in order to calculate the position coefficient vectors βj, (3) trial runs of the proposed 411 

survey study protocol in order to specify the instructions to be given to the participants and to have a 412 

data set to develop the clustering analysis of the activities, (4) trial runs of the proposed 413 

microenvironmental measurements protocol in order to define the specific parameters, such as the 414 

measurement duration, specific scenarios and their duration, and the on-body location of the 415 

measurement devices, and (5) the conversion between power density and specific absorption rate 416 

(SAR), which describes the amount of power absorbed by parts of or the whole body. The advantage 417 

of SAR is that under a-UL and a-DL exposure (from hotspots), the exposure will be limited to part of 418 

the body.  This type of exposure can be more accurately described using SAR than power density. In 419 

their guidelines for RF-EMF exposure limits, ICNIRP (2020) has extended the use of SAR to 420 

frequencies over 6 GHz. 421 
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5.  Conclusions 422 

In this paper, the implications of the roll-out of 5G NR on personal exposure to RF-EMFs are 423 

identified. These present challenges for personal exposure measurements. A new protocol based on the 424 

activities of users is proposed in order to overcome these challenges. This protocol includes the 425 

assessment of auto-induced exposure, which is an important part of personal exposure to RF EMFs 426 

that is currently not measured in most studies.. Based on the public concern of RF-EMF exposure, it is 427 

important to have a practical protocol ready by the time 5G NR will be rolled out. 428 
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Figures

Figure 1

Flowchart of the measurement procedure for survey studies (left) and microenvironmental studies (right).


