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Spatial exposure modelling for environmental epidemiology 

Geographical information systems (GIS) have greatly benefited from the exponential rise 

in computing power and data storage over the last decades, as collecting, processing and 

analysing large spatial datasets rely heavily on computing capabilities. GIS is a tool for 

studying environmental phenomena and is increasingly used for exposure modelling in 

environmental epidemiology (Briggs 2005; Nuckols et al. 2004). However, the validity of 

these exposure models is often unknown (Beyea 1999). In this thesis, we present aspects 

that are important for determining the validity of the exposure modelling of radio-

frequency electromagnetic fields (RF-EMF) from mobile phone base stations. Even though 

we focus on the prediction of RF-EMF, many of the findings are also applicable to other 

environmental exposures. 

Electromagnetic fields (EMF)  

In order to discuss RF-EMF modelling, we first need to understand what electromagnetic 

(EM) radiation is. EM radiation can be seen as a wave that moves through a medium and 

transfers energy from point to point. An EM wave travels outwards from the source, in 

which the total energy radiated from the source remains the same, but is spread out over 

a larger area. This can be compared with the ripple of a water wave in a pond, which 

spreads out in two dimensions over the water surface. As EM waves travel through three 

dimensions, the waves can be seen as expanding spheres. Thus with increasing distance 

the energy per unit area decreases.  

An important property of a wave is the number of complete wave cycles per second, 

termed the frequency and expressed in Hertz (Hz). The frequency determines the 

wavelength, which is the distance a wave travels in one wave cycle. As electromagnetic 

waves travel with the speed of light, the wavelength can be described by: 

  
 

 
 

Where C is the speed of light, f the frequency and λ the wavelength. EM radiation cannot 

solely be described as a wave phenomenon, as there is a third property of EM radiation 

that is important for interaction with molecules: energy. Each wave carries a particle, 

called a photon. The energy of a photon is proportional to the frequency of the wave: 
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E = h * f  

Where E = energy, h = Planck's constant (6.626068 × 10
-34

 m
2 

kg / s) and f = frequency.  

Thus waves with a high frequency have a higher energy. When a photon from an EM wave 

"hits" a molecule, it can ionize the molecule if it has enough energy. These waves are 

called ionizing radiation. Conversely, if the photon does not have enough energy for 

ionization, the waves are called non-ionizing radiation. The cut-off point between ionizing 

and non-ionizing radiation is about 10 eV, equivalent to a wavelength of ~124 nm. The 

whole range of different EM-waves is described in the electromagnetic spectrum (Figure 

1).  

The energy and momentum of a wave are carried by electric fields (unit: Volt per meter, 

V/m) and magnetic fields (unit: Ampere per meter, A/m). The time rate of energy transfer 

is the power, expressed in Joule per second (J/s) or in Watt (W). Radiated power is the 

power given off by a radiation source (such as an antenna) and carried through space by 

an EM wave. Power density is the amount of power distributed over a given unit area 

perpendicular to direction of travel, and is the product of electric and magnetic field 

strength:  

Pd = E * H 

Where Pd is the power density in W/m
2
, E is the electric field strength in V/m and H is the 

magnetic field strength in A/m. 

The electric and magnetic fields are coupled, and in the so-called far-field (a distance 

larger than two wavelengths from the source) the electric field strength can be computed 

from the magnetic field strength and vice-versa with: 

E = H * 377 

This means that when measuring total EM field strength in far-field conditions, one only 

needs to determine either the electric or the magnetic field strength.  
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Figure 1: The electromagnetic spectrum (©ESA / AOES Medialab) 

For telecommunication, waves in the radio-frequency (RF) part of the spectrum are used. 

These waves are better known as radio waves and have a frequency between 3 kHz and 

300 GHz.  

 

Table 1 lists the major communication services with their respective frequencies and 

wavelengths. Different frequencies are used for communication from mobile phone to 

mobile phone base station (uplink) and from base station to mobile phone (downlink). 

Radio waves are non-ionizing, as the energy of radio wave photons are multiple orders of 

magnitude smaller than 10 eV (i.e. the cutoff point between ionizing/non-ionizing 

radiation). In this thesis, we focus on two major technologies in use for mobile phone 

telecommunication:  

GSM (Global System for Mobile communications, also referred to as 2G, second 

generation): the basis for the first global mobile phone network, and mainly used for voice 

communication and text messaging. In the Netherlands, GSM-antennas were first placed 

in 1994 and operate at 900 and 1800 MHz. 

UMTS (Universal Mobile Telecommunications System, also referred to as 3G, third 

generation): used for voice communication and multimedia. UMTS antennas operate at 

frequencies around 2100 MHz and were first placed in the Netherlands in 2004.   
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Table 1:  Frequencies and wavelengths of communication services in the radio frequency spectrum  

Source Frequency [MHz] Wavelength [cm] 

   

FM Radio 88-108 280-340 

Television 470-830 36 – 64 

   

Mobile phone (uplink)   

GSM900 880-915 33-34 

GSM1800 1710-1785 17-18 

UMTS 1920-1980 15-16 

   

Mobile phone base station (downlink):   

GSM900 925-960 31-32 

GSM1800 1805-1880 16-17 

UMTS 2110-2170 14 

   

DECT (cordless phone) 1880-1900 16 

WiFi 2G (wireless internet) 2400-2500 12-13 

WiFi 5G (wireless internet) 5150-5850 5-6 

 

At the time of writing (May 2014), the fourth generation (LTE, Long Term Evolution) 

cellular network is being rolled out, but is still a minor part of the total mobile phone 

communication traffic and was therefore not assessed in this thesis. LTE operates at 

frequencies of 800, 1800 and 2600 MHz in the Netherlands. 

In general, mobile phone base stations consist of a protective cabinet and several 

antennas (see Figure 2). In the cabinet, equipment to facilitate wireless radio 

communication and to power the antennas are stored. The antennas are often placed on 

masts, either on rooftops or on separate towers. Most base stations contain at least three 

antennas, placed 120 degrees apart to cover all directions for one communication service 

(e.g. GSM900). Often, new communication services are added to existing masts to 

optimally use existing infrastructure. There has been a large increase in mobile phone 

communication over the last decades. According to the latest figures from the 

International Telecommunication Union (ITU 2013), there are currently 6.8 billion mobile 

phone subscriptions out of a world population of 7.1 billion, compared with 2.1 billion 

subscriptions in 2005. (Joseph et al. 2010) report that for far-field sources in outdoor 

environments, exposure from mobile phone base stations is a major contributor to total 

RF-EMF exposure; for some countries, such as the Netherlands, even the largest source of 

outdoor RF-EMF. 
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Figure 2: Mobile phone base station consisting of antennas and a protective cabinet containing radio and power 

equipment 

Ubiquitous exposure to radio waves from mobile phone base stations has triggered 

research into health-related questions, given that even small increased risks would 

translate into large public health effects (Kristiansen et al. 2009; Röösli et al. 2010b; 

Valberg et al. 2007; van Deventer et al. 2011).  

Potential health effects of RF-EMF 

Many countries, including the Netherlands, have set exposure limits for RF-EMF following 

the guidelines from the International Commission on Non-Ionizing Radiation Protection 

(ICNIRP). These guidelines are based on the effect of high intensity RF-EMF on the increase 

in body temperature (Ahlbom et al. 1998). The heating of body tissue is caused by 

absorption of energy from the RF-EMF source, called the specific absorption rate (SAR). As 

measuring SAR in human bodies is not possible, the corresponding field strength (V/m) or 

power density (mW/m
2
) are often used as reference values. The ICNIRP reference values 

differ per frequency; for GSM900 the reference value is 41 V/m, GSM1800 58 V/m and 

UMTS 61 V/m. These levels are high compared with the average and peak exposures 
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encountered by the general population in the environment. (Urbinello et al. 2014) 

measured outdoor RF-EMF from mobile phone base stations in several European cities, 

and found a median RF-EMF of 0.3 V/m, with a 99
th

 percentile of 1.2 V/m. Limit values are 

higher for occupational exposure. Recently, the European Parliament assigned a 

frequency-dependent limit value of 0.003*√f (f = frequency in Hertz) V/m for EMF in the 

frequency range of 400 to 2000 MHz (European Parliament 2013), resulting in a limit value 

of 90 V/m for GSM900 and 137 V/m for UMTS. 

There has been much research into the association between RF-EMF exposure and 

potential health effects. Many studies looked at the relationship between brain tumours 

and mobile phones use (e.g. Hardell and Carlberg 2009; Health Council of the Netherlands 

2013; INTERPHONE Study Group 2010), as mobile phones cause much higher local peak 

exposures than far-field sources (Lauer et al. 2013). Recently, the International Agency for 

Research on Cancer (IARC) classified radiofrequency radiation as possibly carcinogenic to 

humans (2B classification), mainly based on limited evidence of positive associations 

between exposure to RF-EMF from mobile phones and glioma and acoustic neuroma 

(Baan et al. 2011; IARC 2013). One of the major uncertainties in drawing firm conclusions 

on the relation between mobile phones and brain tumours is the characterization of 

mobile phone uplink exposure. Mobile phone exposure has been assessed with 

questionnaires or, when available, usage data from providers. Within the ongoing MOBI-

KIDS project, software is currently being tested (XMobiSense) that tracks the usage of the 

smartphone (Mobi-Expo study group 2013). This software can be used to assess the 

validity of questionnaire data and to better characterize exposure from the device by 

storing information on for example laterality and use of speaker phone. 

Even though mobile phones cause the highest local RF-EMF exposure levels, the relative 

importance of far-field and near-field RF-EMF sources will differ per organ and population 

of interest. For the whole-body exposure of persons without a mobile phone (e.g. young 

children or the elderly), the contribution of mobile phone base stations to total exposure 

is relatively large. Even for research into brain tumours, downlink exposure should ideally 

be considered. (Lauer et al. 2013) report that for average UMTS phone users, the 24-h 

head exposure from the mobile phone was lower than exposure from far-field sources. 

For GSM phone users, the uplink phone exposure dominated exposure at the head 

though, as GSM phones need much higher output powers than UMTS phones to 

communicate.  

(HPA 2012) made an overview of all studies on health effects and RF-EMF, for both near-

field and far-field exposure. They give no evidence for a causal effect between RF-EMF 
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exposure and health effects, but also give no strong evidence against it. (Röösli et al. 

2010b) performed a systematic review on health effects from RF-EMF from mobile phone 

base stations, and found no single symptom or pattern to be consistently related to 

exposure; however, data on long-term health effects are scarce. The lack of a reliable 

exposure assessment of mobile phone base stations is one of the issues to be tackled 

before more conclusive evidence can be given (HPA 2012). 

Exposure assessment of RF-EMF from base stations  

Several methods have been applied to assess population exposure to RF-EMF from mobile 

phone base stations, ranging from measurement-based empirical models to deterministic 

models that rely on accurate input data to compute the propagation of radio waves 

through the environment. 

Measurements: The most straightforward exposure assessment method is by taking 

measurements. The introduction of personal RF-EMF measurement devices, such as the 

EME SPY 120 and 140 (Satimo, Brest, France) and the ESM-140 (Maschek Elektronik, 

Germany) enabled personal RF-EMF measurements. (Joseph et al. 2009; Röösli et al. 

2010a) discuss the methods for assessing population exposure using personal 

measurements. (Breckenkamp et al. 2012; Viel et al. 2009) measured RF-EMF levels in a 

population sample, representative of the general population. (Joseph et al. 2008) 

measured RF-EMF levels in 28 micro-environments to characterize exposure for these 

situations, and (Bolte and Eikelboom 2012) characterized RF-EMF exposure for 39 

everyday activities in the Netherlands. The major problems of these measurement-based 

approaches are that they are not feasible to perform for a large study population and it 

prohibits assessment of past exposures. Several modelling approaches have been 

developed that try to tackle these limitations. 

 

Spatial interpolation between measurements: In this approach, RF-EMF spot 

measurements are taken in a study area and the RF-EMF levels between measurements 

are computed by interpolating measured values. (Azpurua and Ramos 2010) compared 

different spatial interpolation methods, and found inverse distance weighing to be the 

most accurate predictor, whereas (Paniagua et al. 2013) used kriging to interpolate 

between measurements. (Aerts et al. 2013a; Aerts et al. 2013b) further developed this 

approach by sequentially measuring at locations with the largest uncertainty in the 

interpolation (i.e. kriging standard error), which they termed sequential surrogate 

modelling. A large advantage of this approach is that no antenna or building data sets are 
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needed for predicting RF-EMF exposure as it is completely based on measurements. 

Furthermore, it can capture local maxima (Aerts et al. 2013b). However, spatial 

interpolation approaches are not suitable for assessing exposure of a very large study 

population, as a high density of measurements is needed to obtain accurate results. The 

approach is also restricted to outdoor 2D mapping of exposure and past exposure cannot 

be assessed. 

 

Distance to nearest antenna: One of the most basic approaches to assess RF-EMF 

exposure is computing distance to nearest mobile phone base station (Dode et al. 2011; 

Eskander et al. 2012; Santini et al. 2003). Even though this approach may seem intuitive as 

RF-EMF levels decrease with distance from base stations, there are several major 

shortcomings. The direction of the antenna beam is not considered; the larger the angle 

between the main beam of the antenna and receptor, the lower the exposure. 

Furthermore, most base station antennas are on top of buildings, emitting radio waves 

with a down tilt angle of a few degrees.  This means that for people living in nearby 

buildings at lower floors or in the building on which the base station is placed, the main 

beam passes overhead and their exposure is minor, even though they live very close to 

the base station. Thirdly, buildings between base station antennas that attenuate the 

radio wave are not considered.  

 

Base station density: For a case-control study in Taiwan, (Li et al. 2012) predicted 

population exposure to mobile phone base station per township based on the number of 

base stations in the township, their date in use, output power and the area of the 

township. This approach has similar shortcomings as the nearest distance proxy, as the 

beam direction and building obstruction are not considered. Furthermore, RF-EMF levels 

have a high spatial variability and this ecological approach ignores the within-township 

variation, which is likely as big as the variability between townships.  

 

Free space propagation:  (Anglesio et al. 2001) predicted RF-EMF exposure by calculating 

the decrease in RF-EMF levels with distance from a transmitter on the assumption of free 

space propagation. The major problem of this approach was that it did not consider 

attenuation of radio waves by obstacles such as buildings, and the model therefore greatly 

overestimated exposure; modelled values were 3 to 10 times higher than measured values 

(Anglesio et al. 2001). 

 

Path loss models: Path loss models predict the decrease in RF-EMF with increasing 

distance from mobile phone base stations based on a large set of measurements taken in 
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different environments. Path loss models commonly used by cellular network planners, 

such as the COST-231 models (Kürner 1999) and the ITU-R P.1546-1 (ITU 2003), are aimed 

at predicting RF-EMF levels over large areas to check the coverage of the population. 

These models are not suitable for use in epidemiological studies, as they cannot model RF-

EMF at household level and are calibrated for predicting minimal signal coverage instead 

of actual levels. (Breckenkamp et al. 2008; Neitzke et al. 2007) developed a RF-EMF path 

loss model for epidemiological studies, based on transmission factors derived from 

measurements to model the propagation of radio waves for different types of housing. 

One of the major disadvantages of path loss models is that true obstructions of radio 

waves are not considered, as the attenuation is based on a predefined density of clutter 

(e.g. housing and vegetation) instead of actual shielding by buildings.  

 

Geospatial radio wave propagation modelling: Spatial radio wave propagation models 

use geographical data to determine the attenuation of radio waves through the 

environment. (Briggs et al. 2012) developed Geomorf (Geographical model of radio-

frequency exposures), which uses land cover and topography data to determine a 

shielding factor between antenna and receptor. (Bürgi et al. 2008) created the model 

NISMap, which uses 3D-building data to compute the attenuation of radio waves by 

buildings between receptor and transmitter. We used NISMap for our assessment of RF-

EMF exposure from mobile phone base stations. 

Geospatial radio wave propagation model: NISMap 

NISMap estimates RF-EMF levels at a high spatial resolution using detailed information on 

fixed site transmitters, three-dimensional topography and buildings. The transmitters can 

be any type of radiation source, such as mobile phone base stations or radio- and TV 

antennas. NISMap can compute RF-EMF levels for both a map and individual points. Figure 

3 shows an example output of NISMap; a map of RF-EMF levels at 1.5 m height above 

ground with a resolution of 5x5 m for a part of Amsterdam, the Netherlands. The red 

arrows show the direction and location of mobile phone base station antennas, the dark-

blue lines the outline of buildings. The effect of shielding by buildings can clearly be seen; 

buildings block most of the radio waves, resulting in lower field strengths (dark blue) in 

built up areas with no nearby antennas, whereas open areas with surrounding antennas 

(such as parks, waterways and large roads) have higher RF-EMF levels (yellow to white 

colours).  



General Introduction 

11 

NISMap considers the attenuation and diffraction between radio waves and buildings. If a 

radio wave passes through a building, the field strength is either attenuated according to 

the building damping parameters, or diffracted over the roof of the building. The amount 

of damping depends on many factors, such as the wall material, thickness, and incidence 

angle of the radio wave (Berg 1999), and can be set for both the outer walls as well as 

inside of the building. 

Figure 3: Output of a NISMap model prediction for a part of Amsterdam, the Netherlands 

The two major limitations of NISMap are that it does not consider the effects of 

vegetation and reflections. Vegetation can greatly influence the propagation of radio 

waves, but is extremely difficult to model (e.g. complex shapes, changes over season) and 

spatial data on vegetation are limited. Reflections are not taken into account as this 

requires an untenable level of detail of spatial data (such as information on the wall 

materials, windows, etc.). NISMap uses the input data listed in Table 2. 
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Table 2: Input data requirements for NISMap 

 

 

Thesis aims and outline 

The main objective of this thesis is to determine the validity of environmental exposure 

assessment models, which should be judged by the suitability of the model to obtain 

reliable risk estimates in an epidemiological study. Below we introduce major aspects of 

model validity that are covered in this thesis. 

Uncertainty in GPS-derived location data 

For spatial exposure modelling, accurate positional information is essential for both model 

validation and model input. This is especially true for exposures with high spatial 

variability, such as RF-EMF. Devices that obtain positional information using the Global 

Positioning System (GPS) are increasingly used, as they offer a promising way to obtain 

outdoor location estimates. However, little is known about their performance for 

epidemiological studies and we therefore quantified GPS-device accuracy in Chapter 2. 

 

Data type Parameters 

Antenna x, y coordinates 

 Height above ground 

 Direction 

 Communication service 

 Frequency 

 Downtilt 

 Antenna type / pattern 

 Output power 

 Nr. carriers 

  

Digital Terrain Model (DTM) Terrain height 

  

3D Building data Building outline with 
height attribute 

  

Receptor location x, y coordinates 

 Height above ground 
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Quantifying model validity 

The accuracy of exposure models can be assessed by comparing model predictions with 

independent measurements. Even though this approach seems straightforward, there are 

many aspects that should be considered for both taking measurements and quantifying 

model validity.  

 

Validation measurements: Even though measurements are in general more accurate than 

prediction models, measured values have their own errors and variability. It is important 

to consider the limitations and potential error of measurement devices to obtain reliable 

and accurate information on exposure levels. Secondly, measurements provide 

information on exposure levels at a specific time, which often differs from the temporal 

resolution of the model. For example, the model predicts average 24-h exposure, whereas 

measurements could have been taken over an interval of a few minutes. We should 

consider temporal variation at multiple time-scales (e.g. within a minute, between day and 

night, between workdays and weekends, seasonal variation) when planning validation 

measurements. Thirdly, the spatial coverage should be taken into account. The locations 

of the measurement sites determine the type of environment for which the model is 

validated, and one should be careful in extrapolating model accuracy to different 

environments. For example, a model might be very accurate in predicting outdoor 

exposure, but we cannot judge indoor performance if no indoor measurements were 

taken. We therefore assessed both outdoor (Chapter 3) and indoor (Chapter 4) 

performance with two separate measurement campaigns. Finally, there should be a 

sufficient number of measurements to obtain a robust indicator of model performance. 

There is no easy answer as to how many measurements are required, as the minimum 

number of measurements depend on factors such as the measurement sampling design, 

temporal variation (e.g. are repeat measurements necessary, and how many?) and the 

type of area for which we want to validate the model (e.g. do we only want to know 

model accuracy in outdoor urban areas, or also for rural and indoor areas?).  

 

Accuracy indicators: The difference between modelled and measured values is an 

indication of the model accuracy. The way in which these differences are computed is an 

important decision, as this determines to a large extent how the model is judged. The 

choice of accuracy indicators should be based on the aim of the model. If the model is 

used to check if individual locations exceed an exposure limit, precision is an important 

indicator. If the model is used to categorize population in exposure groups (e.g. high, 

medium, low exposed), categorical and ranking accuracy indicators such as the kappa 

coefficient and Spearman correlation are most relevant.   
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Exposure metric: The metric in which the exposure is expressed is of importance for 

judging model performance. Ideally, the exposure metric should be based on the 

(hypothetical) biological mechanism, which is not established for RF-EMF levels far below 

the thermal threshold on which the current guidelines (Ahlbom et al. 1998) are based. 

There is therefore no consensus on the metric. 

Impact of input data availability and accuracy on model validity 

The accuracy of the model predictions, especially for an advanced spatial model such as 

NISMap, largely depends on the availability and accuracy of the input data. Thus even if 

the model was very accurate in a validation study, the suitability of the model for large 

scale epidemiological studies can still be low in case no high-quality input data of the 

larger area is available. We therefore performed two different studies, in which we 

computed model accuracy when different input data sets were missing (Chapter 5), and a 

study that determined the impact of uncertainty in model inputs on model performance 

(Chapter 6). 

Impact of mobility on accuracy of fixed site model predictions 

Validation of exposure assessment models is often limited to a comparison between spot 

measurements and model predictions. This results in an optimistic model accuracy, as in 

reality people are mobile and exposure should ideally be predicted for all locations they 

visit. We analysed this mobility-effect on model validity with 24-h personal measurements 

(Chapter 7). 

Model validity for detecting health effects 

The major objective of environmental epidemiological studies is to determine if there is an 

association between an environmental exposure and a health outcome, whereas the main 

objective of exposure assessment is to obtain accurate exposure estimates for all 

individuals involved in an epidemiological study. We merged both objectives by 

performing a simulation study that assessed if our exposure model could capture a 

simulated association between RF-EMF exposure from base stations and a health effect 

(Chapter 7). 
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Abstract  

Integration of individual time-location patterns with spatially resolved exposure maps 

enables a more accurate estimation of personal exposures to environmental pollutants 

than using estimates at fixed locations. Current Global Positioning System (GPS) devices 

can be used to track an individual’s location. However, information on GPS-performance 

in environmental exposure assessment is largely missing. We therefore performed two 

studies. First, a commute-study, where the commute of 12 individuals was tracked twice, 

testing GPS-performance for five transport modes and two wearing modes. Second, an 

urban tracking study, where one individual was tracked repeatedly through different 

areas, focused on the effect of building obstruction on GPS-performance. The median 

error from the true path for walking was 3.7 m, biking 2.9 m, train 4.8 m, bus 4.9 m, and 

car 3.3 m. Errors were larger in a high-rise commercial area (median error = 7.1 m) 

compared to a low-rise residential area (median error = 2.2 m). Thus, GPS-performance 

largely depends on the transport mode and urban built-up. Although ~85% of all errors 

were < 10 m, almost 1% of the errors were > 50 m. Modern GPS-devices are useful tools 

for environmental exposure assessment, but large GPS-errors might affect estimates of 

exposures with high spatial variability. 
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Introduction 

Accurate exposure assessment is of major importance for epidemiological research of 

potential health effects of environmental exposures, such as air pollutants, noise or 

radiofrequency electromagnetic fields. For small groups of participants, the exposure can 

be personally measured. For large populations, such an approach is usually not feasible 

and spatial modelling is the preferred method to estimate exposure levels for all study 

participants (e.g. Frei et al. 2009; Hoek et al. 2008; Huss et al. 2009). These models predict 

exposures at fixed locations (such as a home address), but fail to integrate time-location 

patterns of individuals. 

The development of the Global Positioning System (GPS) in the early 1990s has introduced 

a new way of obtaining time-location information (El-Rabbany 2006). The GPS is a 

satellite-based navigation system that continuously provides space-time data to anyone 

equipped with a GPS-device. This provides the opportunity to link a persons’ movements 

to spatially resolved exposure concentrations. 

Knowledge of the performance of GPS-devices is relevant for exposure studies, since GPS-

errors will place a participant at the wrong location. If exposure levels vary within the 

error range of the GPS-devices, GPS-uncertainty will affect exposure estimates. GPS-errors 

can arise from factors that change over time, such as unfavourable, or clustered satellite 

positions, or ionospheric disturbances (El-Rabbany 2006). Another major cause of error is 

obstruction of the satellite signal. For example, high-rise buildings around the 

measurement point can lead to shielding, or introduce multipath-errors by reflecting 

signals on building surfaces. Obstruction could also be caused simply by body shielding, if 

the GPS-device is worn close to the body, or by the vehicle body in case of vehicle travel.  

Several studies have evaluated the use of GPS-devices for exposure assessment. Rodriguez 

et al. (2005) analysed GPS-performance for measuring physical activity, (Seto et al. 2007; 

Vasquez-Prokopec et al. 2009) assessed GPS-performance for tracking human movement 

in relationship to exposure to infectious diseases, (Adams et al. 2009; Milton and Steed, 

2007; Wu et al. 2010) studied GPS-performance for determining exposure to air pollution, 

and (Phillips et al. 2001; Elgethun et al. 2003; Rainham et al. 2008; Cho et al. 2011; Wiehe 

et al. 2008) tested GPS-devices for time-location analysis of human activities. For a current 

overview of the practical issues involved for using GPS in health research, we refer to (Kerr 

et al. 2011). In the aggregate the studies concluded that GPS-devices have a great 

potential for use in their respective fields.  
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However, in these studies the performance assessment was usually confined to a few 

tests under controlled, optimal conditions due to limited knowledge of the true locations. 

In our study, we extended the GPS-performance assessment by measuring the size of GPS-

errors for outdoor movement tracking under real life conditions, and at quantifying the 

factors influencing these errors.  

We performed two measurement campaigns: first, we tracked several study participants 

during their commute to and from work, using 6 GPS-devices at a time. This data set 

allowed us to assess the influence of body shielding (or wearing modes) as well as the 

transport mode and make of the GPS-device. Second, we repeated measurements of 

several defined paths in an urban environment 10 times over a 3 month period. This data 

set was used to evaluate temporal variation in GPS-accuracy, the performance gain by 

combining measurements of two simultaneously tracking devices, and the effect of 

building obstruction.  

Methods 

Study design  

We analysed the performance of GPS-devices under real life conditions as encountered in 

epidemiological and environmental exposure assessment studies. We tested three 

affordable and lightweight GPS-devices using different transport and wearing modes. To 

mimic real exposure studies, we did not instruct participants to wait for the GPS-devices 

to obtain a good signal so as to minimize cold and warm start problems. A cold start refers 

to the satellite acquisition time when no prior satellite information is available, i.e. the 

time it takes for the GPS-device to obtain the first position after a complete reset, whereas 

a warm start refers to the time to obtain a first position when prior satellite information is 

known. The tested devices were the TracKing Key Pro (LandAirSea Systems Inc., 

Woodstock, IL, US.), the Garmin Oregon 550 (Garmin Inc., Olathe, KS, USA) and the Adapt 

AD-850 (Adapt-Mobile Inc., London, UK). See Table 1 for device specifications.  
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Table 1: Specifications of the employed GPS-devices 

 TracKing Key Pro Garmin Oregon 550 Adapt AD-850 

GPS acquisition time1 Warm start: 30 sec 
Cold start: 39 sec 

Warm start: < 1 sec 
Cold start: < 33 sec 

Warm start: 38 sec 
Cold start: 42 sec 

Weight (including battery) 226 g 191 g 55 g 

Max. logging frequency Every second Every second Every second 

Dimensions 7.01 x 5.08 x 3.5 cm 5.8 x 11.4 x 9.65 cm 7.7 x 4.3 x 1.76 cm 

Chipset Antaris 4 GPS Receiver ST Cartesio Venus SkyTraq 5 

Battery life1 Up to 80 hours2 16 hours1 Minimal 20 hours1 

Data capacity1  360.000 trackpoints Max. 10.000 points per 
track, total of 200 tracks 

120.000 trackpoints 

1 as stated by the manufacturer, might differ depending on measuring conditions 
2 depending on movement, device will go into sleep mode after two minutes of non-movement 

 

We carried out two studies: 

Commute study: we tracked the back and forth commutes of 12 employees of the 

Institute for Risk Assessment Sciences (IRAS) twice during the summer of 2010. The 

participants were selected based on their home location and mode of transport (walking, 

biking, car, bus, and train). For an overview of the commute tracks, see Figure 1. Each 

participant carried three different GPS-devices in the front pocket of a backpack, and a 

second set of identical GPS-devices on the left shoulder. Since people in the Netherlands 

travel on the right side of the road, we placed the devices on the left shoulder to decrease 

the effect of building obstruction. The shoulder devices were attached to the shoulder 

strap of the backpack, ensuring a consistent device placement.  

Urban tracking study: The second study focused on the effect of surroundings on GPS-

performance, temporal variation in GPS-errors among repeated measurements, and 

potential performance increase by combining the measurements of two simultaneously 

worn GPS-devices. We tracked one research-assistant walking a fixed path through six 

areas in Amsterdam, the Netherlands, with two different GPS-devices (the TracKing Key 

Pro and the Garmin Oregon 550). The areas greatly varied in building density, ranging 

from high-rise commercial areas to low-rise residential areas. See Figure 2 for an overview 

of the 6 tracked areas in Amsterdam. We repeated the measurements 10 times, at 

different times of day, over a period of 3 months. The GPS-devices were placed on a small 

bike cart, at a height of approximately 1 m above ground and at a distance of 1 m from the 

person to avoid body shielding. 
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Figure 1: Overview of the 12 tracks of the commute study. N = number participants (only noted when N>1). 

 
Figure 2: Overview of the six paths through the six different urban areas selected for the urban tracking study in 

Amsterdam, the Netherlands. 

 



Performance of GPS-Devices 

27 

GPS error calculation 

For both studies, we determined the performance of the GPS-devices by first digitizing the 

true paths travelled by the participants with aerial imagery (Aerodata International 

Surveys Inc. Deurne, Belgium). We digitized the true paths of the commute study together 

with the participant on the day of their first tracked commute. All participants were 

instructed to follow the digitized true path as precisely as possible, without endangering 

their own and other peoples’ safety. After each commute, we asked the participants if and 

where they deviated from the true path and updated the data accordingly. We then 

computed the shortest distance of these true paths to the locations logged by the GPS-

device, defining the error of a GPS-observation as the length of the vector perpendicular 

to the true path. However, when the GPS-receiver did not obtain a strong enough satellite 

signal, no location was logged and we were unable to compute the GPS-error. We 

therefore also computed the ratio between the total tracked and travelled distance as an 

indicator for the time without satellite reception.  

Data handling 

In this study we focused on outdoor GPS-performance, and we therefore removed all 

logged indoor points (for example at home or inside a train station). For each commute, 

there was a 10-20 second interval (corresponding to a few points) for which we did not 

know whether the participant was indoors or outdoors. Thus the exact transition between 

indoors and outdoors was uncertain and we chose to remove these points. Due to the 

small number of transition points, this had a negligible effect on our error estimates 

Moreover, we filtered out the logged points for which we could not derive the true path 

due to outdated airborne imagery. Since up-to-date airborne imagery was available for 

the majority (~95%) of the commute and all urban tracking paths, and outdated imagery is 

not related to factors that impact accuracy, removing these points did not affect our 

findings. 

Sky View Factor (SVF) 

The effect of surroundings on the size of GPS-errors was determined by an indicator which 

quantifies the amount of open view to the sky. We termed this indicator the Sky View 

Factor (SVF), similar to the work of (Gál et al. 2009; Wu et al. 2010). The SVF at a certain 

location was computed by averaging the angle of the ground level towards the sky over all 

directions (see Figure 3). This ‘ground-level-to-sky-angle’ ranges from 0 (no building 

blocking the sky in any direction) to 90 degrees (facing a tall building completely blocking 

the sky). Thus, the SVF quantifies the potential obstruction of buildings to satellite signals. 
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For the calculation of the SVF, the height information of the buildings was obtained from 

the national Dutch elevation model (Actueel Hoogtebestand Nederland, AHN). 

 
Figure 3: Computation of the Sky View Factor (SVF). Left panel, side view: H = building height, D = distance to 

building, α= sky view angle. Right panel: top down view of the sky view angle in all azimuthal directions, using a 

10 degree interval. 

Improvement of performance by combining multiple device measurements 

Since current GPS-devices are relatively cheap and lightweight, it is feasible to carry 

multiple devices simultaneously, and subsequently use the GPS-measurements from all 

devices for optimal location estimation. This only holds true if the different devices have a 

similar accuracy (in case devices of different makes are used). Furthermore, the device 

errors should, to some extent, be independent. If both devices yield similar systematic 

errors, little can be gained by combining the measurements. In contrast, if the error is 

mainly random, improvement can be achieved by spatially averaging the device 

measurements.  

We therefore compared the errors of the two devices employed in the urban tracking 

study to explore the agreement between GPS-devices. We matched each TracKing point 

with the Oregon point logged closest in time accordingly, creating paired observations of 

device errors. Then we computed the average x and y-coordinate of the GPS point pairs. 

This resulted in a new set of observations with, for each point pair, the average location 

based on information from both GPS-devices. Finally, we computed the distance of these 

averaged device measurements to the true path. 

Statistical analysis 

We used ArcGIS 9.3.1 (Esri Inc. Redlands, CA, US) to clean all GPS-data, compute the GPS-

errors, the SVF, and the ratio between total distance tracked and total distance travelled. 

R (The R Foundation for Statistical Computing, Vienna, Austria) was used to compute the 
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percentage of errors smaller than 10 m and the median and interquartile range (IQR) of 

the GPS-errors, as a more robust measure compared to the Root Mean Square Error 

(RMSE) or mean error as applied by others (Adams et al. 2009; Elgethun et al. 2003; 

Vazquez-Prokopec et al. 2009). The influence of wearing mode and travelling mode were 

assessed by computing summary statistics stratified by the respective modes. 

To assess the influence of building obstruction on the GPS-error, we computed the SVF for 

each logged GPS-location. Next, we computed the correlation between the SVF and GPS-

error. Since the SVF may have a delayed effect on GPS-performance and because there is a 

strong autocorrelation in GPS-errors (data not shown), we computed the moving average 

of both the GPS-error and the SVF over time-intervals ranging from 1 to 400 seconds.  

The agreement between two GPS-devices tracking in parallel was determined by the 

Pearson correlation coefficient of the paired GPS-observations. The performance of the 

averaged device measurements was assessed by computing the median and IQR of the 

errors. 

Results 

Performance commute study 

Table 2 shows the GPS-performance of the commute study, stratified by wearing mode, 

transport mode and device.  The median error for walking was 3.7 m, biking 2.9 m, train 

4.8 m, bus 4.9 m and car 3.3 m. A higher accuracy of approximately 1 m was observed for 

wearing the GPSs on the shoulder versus backpack for the transport modes biking and 

walking. Errors > 10 m were most likely to occur for the transport modes bus (23%), train 

(21%) and walking (18%). Wearing the GPSs on the shoulder versus backpack 

approximately doubles the chance of > 10 m errors for walking (26% vs 13%) and for 

biking (15% vs 8%). Errors > 50 m (~ 1% of the errors) occured more frequently with high 

speed transport (mostly by train), or when the devices had little time to acquire the first 

position (i.e. at a cold start). Complete signal loss also occurred, especially within the train 

where 28% of the total distance was not tracked. On average, there were no large 

performance differences among the make of devices. All had similar medians and IQRs, 

except that the Oregon better tracked train and bus commutes than the AD-850 and the 

TracKing. The ratio of the overall median error between the two repeat commutes ranged 

from 1.05 up to 1.5 (data not shown).  
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Performance urban tracking study 

Table 3 shows the results of the urban tracking study. The performance (median error 3.2 

m, IQR 1.4 – 6.8 m) over all tracks was similar to the commute study; i.e. walking with 

devices placed on the shoulder (median error 3.1 m, IQR 1.5 - 6.2 m). Nevertheless, there 

were considerable differences among the areas; the overall median error ranged from 2.2 

m for a relatively open residential area (area 6, average SVF of 20) to a median error of 7.1 

m for a commercial high rise area (area 5, average SVF of 31). Even though the SVF in area 

3 was higher than in area 5, the median error of area 3 was smaller. This discrepancy 

might be caused by the research assistant passing through a tunnel in the center of area 5. 

Errors > 10 m were more frequent in areas with a higher SVF. Almost 40% in area 5 and 

over 30% of the points in area 3 had errors > 10 m. In each of the three areas with the 

lowest SVFs, less than 10% of the errors were > 10 m. About 0.5% percent of the errors 

were > 50 m. These large errors occured more frequently in high rise areas and cold start 

situations.  The errors of the two GPS-devices employed in the urban tracking study were 

similar. We did not compute the percentage tracked for the urban tracking study, since a 

visual interpretation of the logged GPS-paths showed that both devices could completely 

track all areas. 

Figure 4 shows the relationship between GPS-error and SVF. We computed the moving 

average of both the GPS-error and the SVF over increasingly longer time-intervals in order 

to decrease the effect of autocorrelation. We found a weak correlation (Pearson R=0.22) 

between the GPS-error and the SVF of the individual points (i.e. no averaging over time). 

However, when we averaged the GPS-error and the SVF over a time-window of 300 

seconds, the Pearson correlation increased to 0.53.  



 

 
 

Table 2: Results commute study, stratified by transport and wearing modes 

    Oregon AD-850 TracKing Overall (all devices) 

MoT WM Nr.Pts Med. IQR %Tr. %<10 Nr.Pts Med. IQR %Tr. %<10 Nr.Pts Med. IQR %Tr. %<10 Nr.Pts Med. IQR %Tr. %<10 

Walk SH 4895 3.7 1.7 7.0 100 86 4845 3.2 1.6 6.8 100 85 3888 2.6 1.2 4.6 90 93 13628 3.1 1.5 6.2 97 87 

Walk BP 3481 5.3 2.0 13.8 100 69 3300 5.9 2.3 13.5 100 66 3617 3.5 1.7 6.5 92 86 10398 4.7 1.9 10.5 97 74 

Walk All 8376 4.3 1.8 8.6 100 79 8145 4.0 1.7 9.2 100 77 7505 3.0 1.4 5.6 91 89 24026 3.7 1.6 7.6 97 82 

Bike SH 45330 2.7 1.2 5.8 100 89 45345 2.5 1.1 4.9 100 92 44628 2.4 1.1 4.3 96 95 135303 2.5 1.1 4.9 98 92 
Bike BP 38785 3.6 1.6 7.3 99 85 48945 3.5 1.5 7.4 97 83 44517 2.9 1.4 6.2 97 86 132247 3.3 1.5 7.0 98 85 

Bike  All 84115 3.0 1.3 6.5 99 87 94290 3.0 1.3 6.1 98 88 89145 2.7 1.2 5.1 96 90 267550 2.9 1.3 5.9 98 88 

Train SH 23685 4.6 2.3 8.5 92 80 23028 5.1 2.5 9.3 85 78 19877 4.7 2.1 8.5 69 81 66590 4.8 2.3 8.8 82 79 

Train BP 23983 4.3 2.0 7.8 78 83 22430 5.7 2.6 10.1 70 75 12344 4.6 2.0 8.8 44 79 58757 4.8 2.2 9.0 64 79 

Train All 47668 4.5 2.1 8.1 84 81 45458 5.4 2.6 9.7 77 76 32221 4.7 2.1 8.6 57 80 125347 4.8 2.3 8.9 72 79 

Bus SH 8598 3.8 1.6 7.6 96 84 8620 6.4 2.8 11.6 97 69 6475 5.6 2.6 10.4 100 74 23693 5.1 2.2 9.9 98 75 

Bus BP 5125 4.6 2.4 8.8 88 80 4852 3.6 1.8 7.3 79 86 6174 5.7 2.5 11.2 97 71 16151 4.7 2.2 9.0 89 79 

Bus All 13723 4.1 1.9 8.0 93 82 13472 5.1 2.2 10.0 89 75 12649 5.6 2.6 10.8 99 72 39844 4.9 2.2 9.5 94 77 

Car SH 18984 2.3 1.0 4.3 99 98 16862 3.8 1.7 6.7 98 90 19244 3.3 1.5 5.9 99 91 55090 3.0 1.3 5.5 99 93 

Car BP 18869 2.7 1.2 4.7 99 97 15335 4.2 1.9 7.4 92 85 19031 4.1 1.9 7.4 99 86 53235 3.5 1.6 6.3 97 90 

Car All 37853 2.5 1.1 4.5 99 97 32197 4.0 1.8 7.0 95 88 38275 3.7 1.7 6.6 99 88 108325 3.3 1.5 5.9 98 91 

MoT = Mode of Transport, WM = Wearing Mode, SH = Shoulder, BP = Backpack, Nr. Pts = Number points, Med. = Median, IQR = Interquartile Range, %Tr = Perc. tracked, %<10 = points within 10 m 

Table 3: Results urban tracking study 

   Oregon TracKing Overall (all devices) 

Area Avg. SVF Nr.Points Median IQR %<10 Nr.Points Median IQR %<10 Nr.Points Median IQR %<10 

1: Slotervaart 21 10695 2.1 1.0 3.7 98 9352 2.5 1.1 4.6 93 20047 2.3 1.0 4.1 96 

2: Plesmanlaan 18 9436 2.6 1.3 4.9 95 7049 2.6 1.2 4.6 95 16485 2.6 1.2 4.7 95 

3: Cuypstraat 42 7362 4.8 2.0 12.5 69 4054 6.0 2.8 14.9 66 11416 5.2 2.2 13.3 68 

4: Leidseplein 30 9576 2.7 1.2 5.7 88 5592 3.4 1.5 6.8 87 15168 2.9 1.3 6.1 88 

5: Zuidas 31 9840 7.8 3.5 16.2 59 7890 6.2 2.5 14.5 65 17730 7.1 3.0 15.3 61 

6: Rivierenbuurt 20 6479 2.2 1.0 4.3 93 4454 2.3 1.1 4.4 91 10933 2.2 1.0 4.3 92 

All   53388 3.1 1.4 6.7 84 38391 3.3 1.4 6.9 84 91779 3.2 1.4 6.8 84 

 Avg = Average, SVF = Sky View Factor, IQR = Interquartile Range, %<10 = Percentage of points within 10 m of true path
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Figure 4: Correlation between the moving average of the Sky View factor (SVF) and GPS-error, averaged over 

time intervals ranging from 0 to 400 seconds (data from urban tracking study) 

Variation among repeat measurements 

Figure 5 shows, for each of the ten repeat measurements, the median GPS-errors of the 

six areas. The median errors in the same areas differed by up to a factor of 2. Across days, 

the performance also differed per area. For example, on December 23, areas 1, 2 and 5 

were accurately tracked, whereas areas 3 and 4 were tracked poorly on that date as 

compared to other days. 

Improvement of performance by combining multiple device measurements 

We determined if combining the measurements of the two devices employed in the urban 

tracking study could improve performance. First, we assessed the agreement between the 

GPS-errors at the logged locations, and found a Pearson correlation of 0.40 (Figure 6). 

Next, we spatially averaged the logged locations of the two devices. Figure 7 shows the 

error distribution for the Oregon, TracKing and averaged locations for all repeat 

measurements. Overall, the median error of the averaged measurements was 

approximately 4% lower than the best performing device, the Oregon. 
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Figure 5: Day-to-day variation in median GPS-error per area (data from the urban tracking study) 

  
Figure 6: Scatterplot of TracKing and Oregon errors, Pearson correlation = 0.40 (data from the urban tracking 

study). The line represents the fitted linear model between the two device errors. If the matched point pairs 

were placed on opposite sides of the true path, one of the errors was assigned a negative value.  
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Figure 7: Boxplots of Oregon errors (blue), TracKing errors (green) and the spatially averaged path errors (red) 

Discussion 

The positional accuracy of the GPS-devices in both studies was high compared with typical 

spatial errors found in environmental epidemiology, such as geocoding. (Cayo and Talbot 

2003) geocoded residential property parcel points, and concluded that in urban areas 95% 

of the points were within 21 m of the true location, and in suburban areas 39 m. The 

median GPS-error for walking was 3.7 m (IQR 1.6 - 7.6 m), biking 2.9 m (IQR 1.3 - 5.9 m), 

transport by train 4.8 m (IQR 2.3 - 8.9 m), by bus 4.9 m (IQR 2.2 - 9.5 m) and by car 3.3 m 

(IQR 1.5 - 5.9 m). A higher accuracy (~1 m) was observed for wearing the GPSs on the 

shoulder versus in the backpack for the transport modes biking and walking. Although 86% 

of all logged locations fell within 10 m of the true path, about 1% of the errors were larger 

than 50 m. The errors were significantly larger in an area with high rise buildings (median 

error 7.1 m, IQR 3.0 – 15.3 m) than in an area with mainly low rise buildings (median error 

2.2 m, IQR 1.0 – 4.1 m). In general, these results seem to indicate that GPS-devices can 

accurately track time-location patterns and provide means of integrating these patterns 

into environmental exposure assessment.  

The major strength of our research was the performance assessment of GPS-devices for a 

broad range of conditions (i.e. five transport modes, three devices, two wearing modes 

and various types of surroundings), based on a large amount of data. Secondly, we 

computed the percentage of travelled distance tracked by the GPS-devices, next to the 

common GPS-error statistics based on the distance from the logged GPS-location to the 

true path. This signal loss ratio revealed the conditions and likelihood in which the GPS-

device completely lost reception. Thirdly, we quantified building obstruction of the GPS 



Performance of GPS-Devices 

35 

signal with the Sky View Factor (SVF), linking GPS-errors with the openness to the sky. 

Fourthly, we performed a large number of repeat measurements for the urban tracking 

study, enabling us to assess the variability of GPS-performance. Lastly, we combined GPS-

measurements of devices tracking in parallel, thereby exploring a potential way of 

decreasing GPS-errors. 

A limitation of this study was the centering of all tracks of the commute study around one 

location. This hinders the generalisability of our findings, but we suspect it has little 

impact due to the geographical spread of the tracks. Furthermore, we did not consider the 

uncertainty in the digitized ‘true’ path, which can deviate from the actual path travelled. 

These true path errors could be caused by a lack of detail in the aerial imagery, errors in 

digitizing the true path, and the person deviating from the true path during their 

movements. Since these errors are random and independent from the logged GPS-

locations, the mean error values likely are not affected. A third limitation of our study is 

our GPS-error measure, which only consists of the error in across-path direction. 

Considering the true location can be at another position along the true track, the total 

error can also be defined by the combination of along-track and across-track error, 

computed by Pythagoras’ theorem: 

22

lct EEE    [1] 

Where Et = total error, Ec = across-track error and El = along-track error. If we assume that 

El is on average equal to Ec, it can be derived from equation [1] that the total error is a 

factor of √2 larger than the along-track error. If this assumption holds, the median errors 

of Tables 2 and 3 should be multiplied by √2. A fourth limitation is the exclusion of indoor 

stops in our commute study. Since we focused on outdoor performance, we instructed 

participants to travel directly to their destination. However, in reality persons might go 

indoors. This indoor stop could result in complete signal loss, and a subsequent warm start 

when continuing the commute, decreasing the GPS-performance.  

In general, the more satellites in view of the GPS-receiver, the better the location 

estimation. Therefore, the performance of a GPS will greatly depend on the obstruction of 

the satellite signals to the GPS-receiver. In nearly all of our studies, the employed GPS-

devices were able to locate the participants. Exceptions were train rides, which were often 

only partly tracked. We suspect that the combined effect of both a complete signal loss in 

the train station, resulting in a warm start when entering the train, and the obstructed 

view to the sky in the train itself, resulted in limited tracking of train rides.  
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The effect of surrounding buildings on the GPS-error was analysed in the urban tracking 

study. Even though there was only a minor correlation between the GPS-error and the SVF 

at individual observations, the correlation increased when averaging the error and SVF 

over longer time intervals (see Figure 4). We suspect that the strong autocorrelation in 

GPS-errors decreases the direct relationship with the SVF, especially in areas with a strong 

fluctuating SVF over small distances. If there is adequate satellite reception, moving from 

an open to a densely built-up area does not immediately worsen GPS-performance, even 

though the SVF has increased. Vice versa, moving from a dense built-up area to an open 

area would not immediately lead to better reception. Variogram analysis showed that 

autocorrelation of the GPS-error ceased after about 30 seconds (data not shown). 

The differences in GPS-performance among the repeat measurements of the Amsterdam 

areas were relatively large, up to a factor of 2 (see Figure 5). For the commute study, the 

differences among the repeats were slightly smaller, up to a factor of 1.5 (data not 

shown). Varying weather conditions are unlikely to explain the amount of variation in GPS-

performance across time (Solheim et al. 1999). Instead, differences in the satellite 

constellation might be the underlying cause. The satellite constellation determines the 

number of satellites in view and the favourability of the satellite-geometry for location 

estimation, which is expressed by an indicator termed Dilution of Precision (DOP). The 

repeat measurements of the urban tracking study were taken at random times of day, 

whereas the two repeats of the back and forth commute were taken at the same time of 

day. Since the GPS-satellites have an 11 hours and 58 minutes orbit, each day, the same 

satellites reach a certain position approximately 4 minutes earlier. Thus, there is a daily 

pattern in GPS-performance, which likely explains the smaller differences among repeat 

measurements taken at similar times of day (i.e. the commute study) compared with 

measurements taken at different times of day (i.e. urban tracking study). We could not 

confirm the relationship between satellite constellation and GPS-performance, since our 

GPS-devices neither logged the number of satellites in view nor the DOP.  

We tried to increase GPS-performance by spatially averaging the measurements of 

multiple devices used in parallel. The mean error of the averaged track was about 10% 

smaller than the mean error of the best performing device, and the median error only 4%. 

Since approximately 30% of the points were placed on different sides of the true path, we 

expected a larger performance increase. We suspect the effect was mitigated by the 

relatively small error of opposite point pairs: the median error of opposite point pairs was 

28% smaller than the median error of all point pairs (data not shown). Thus, most large 

errors were similar for both devices. This small accuracy gain indicates that the major 

error contribution is not random, but a systematic effect caused by the blocking and 
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reflection of satellite signals by buildings, which tend to have the same directionality. It is 

therefore questionable whether the use of two devices in parallel is worthwhile, especially 

since the burden of carrying multiple devices, extra data collection and analysis results in 

only a slight performance increase. 

A potential drawback for using GPS-devices in environmental exposure studies is the time 

burden of processing all data. A GPS-device greatly reduces the effort of participants, who 

previously had to make time-location diaries. Nonetheless, the logged GPS positional data 

by itself is meaningless and should be processed into spatial information. Since the 

amount of logged data increases rapidly, this can be quite a challenge. For example, 

tracking one participant for one week with a one second logging interval results in 604,800 

data points (Rainham et al. 2010). It will therefore be necessary to develop automated 

filtering procedures to convert the logged data into more meaningful information, such as 

transport mode, indoor/outdoor, or even activity (Stopher et al. 2008; Schuessler and 

Axhausen 2009).  

Additional research should examine how GPS-errors propagate through the exposure 

assessment steps, thereby computing the impact of GPS-uncertainty on the outcome 

variable of interest (such as personal exposure), as applied by (de Bruin et al. 2008). 

Conclusion 

The performance of the GPS-devices in both studies was mostly dependent on the 

transport mode and the urban built-up. Overall, ~85% of the errors were within 10 m of 

the true path, even though errors larger than 50 m and complete signal loss did occur. 

Hence, a modern GPS-device is capable of person-tracking, though one should be careful 

in interpreting the collected GPS-data. 

The usefulness of GPS-devices for exposure assessment depends on the resolution of the 

exposure model, the type of exposure and distance to exposure source. Typical GPS-errors 

might affect those exposures that necessitate high resolution mapping due to extreme 

high spatial variability (such as radiofrequency fields from mobile phone base stations, or 

air pollutants such as black carbon, ultrafine particles and NOx). Similar GPS-errors would 

affect PM2.5 exposure estimates less due to a lower spatial variance.  

Still, even if the errors affect the exposure estimate, GPS retrieved spatial and temporal 

information is the best affordable tracking technology available for exposure studies. 

Advances in GPS-technology, which includes GPS enabled smartphones, automatic data 
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processing and further integration of other tracking information will enhance GPS-tracking 

capabilities for estimating personal exposures in environmental epidemiology studies. 
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Abstract 

There is concern that exposure to radio frequency electromagnetic fields (RF-EMF) from 

mobile phone base stations might lead to adverse health effects. In order to assess 

potential health risks, reliable exposure assessment is necessary. Geospatial exposure 

modelling is a promising approach to quantify ambient exposure to RF-EMF for 

epidemiological studies involving large populations. 

We modelled RF-EMF for Amsterdam, the Netherlands using a 3D RF-EMF model 

(NISMap). We subsequently compared modelled results to RF-EMF measurements in five 

areas with differing built-up characteristics (e.g. low-rise residential, high-rise 

commercial). We performed, in each area, repeated continuous measurements along a 

predefined ~2 km long path. This mobile monitoring approach captures the high spatial 

variability in electric field strengths.  

The modelled values were in good agreement with the measurements. We found a 

Spearman correlation of 0.86 for GSM900 and 0.85 for UMTS between modelled and 

measured values. The average measured GSM900 field strength was 0.21 V/m, and UMTS 

0.09 V/m. The model underestimated the GSM900 field strengths by 0.07 V/m, and 

slightly overestimated UMTS field strengths by 0.01 V/m. NISMap provides a reliable way 

of assessing environmental RF-EMF exposure for epidemiological studies of RF-EMF and 

health in urban areas. 
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 Introduction 

Since the introduction of mobile phones in the early 90’s, there has been a constant and 

rapid increase in the number of base stations. (Joseph et al. 2010) compared the total 

radio frequency electromagnetic field (RF-EMF) exposure in five European countries and 

found that in outdoor urban environments mobile phone base stations are a major, if not 

the largest, source of environmental RF-EMF. There has been concern about potential 

health effects of the electromagnetic waves emitted by these base stations (Valberg et al. 

2007), which has led to studies assessing the relationship between RF-EMF and the health 

impact on the general population. To date, no consistent health effect has been found 

(HPA 2012; Röösli et al. 2010). However, if there are health effects, they are likely to be 

small and subtle, and as such large population samples and a reliable exposure 

assessment is needed to confirm or reject the hypothesis of a health effect (Briggs et al. 

2012). For large study populations, therefore, RF-EMF exposure modelling is necessary as 

it is not feasible to perform exposure measurements at such a large scale. 

Previous studies have applied different approaches to estimate exposure from base 

stations. (Li et al. 2012) used an ecological approach to estimate individual exposure to RF-

EMF from mobile phone base stations, by computing the density of base stations per 

township. Some studies used self-reported or measured distance from base stations as a 

proxy for exposure (Dode et al. 2011; Eskander et al. 2012). However, distance from base 

stations has been demonstrated to correlate poorly with actual measured exposure 

(Bornkessel et al. 2007; Mann et al. 2000; Neitzke et al. 2007; Neubauer et al. 2010), 

making these studies largely uninformative.  

Other studies have calculated exposure levels using varying degrees of information 

regarding antenna and environmental characteristics. Mobile phone antennas usually emit 

radiation in a main beam of typically 65 degrees width and a few degrees beam height, 

but the radiation pattern also has side lobes (for an example see Bornkessel et al. 2007), a 

fixed mechanical and an adjustable electrical tilt, and the output power can vary over 

time. Terrain, buildings as well as vegetation between the antenna and any given receptor 

point can shield, diffract or reflect RF-EMF, depending on placement, angles and material 

and therefore greatly add to the complexity of modelling RF-EMF exposure. (Anglesio et 

al. 2001) used a free-space propagation model that resulted in a consistent 

overestimation of exposure. (Bornkessel et al. 2007) observed the same under non-line-of-

sight (NLoS) situations, and stated that this made the “consideration of buildings (…) 

mandatory”. (Breckenkamp et al. 2008; Neitzke et al. 2007) calculated RF-EMF exposure 

using empirically determined dispersion factors accounting for building density and the 
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assumption of free space propagation conditions, but allowing for participant-reports of 

obstruction in front of windows. (Briggs et al. 2012) developed the model GeoMorf 

(Geographical Model of radio frequency power densities), which uses a modified Gaussian 

formulation to represent the main beam of the antenna and subsequently estimate the 

power densities around base stations. For the model prediction, the environment was 

considered with empirical parameters, as was the topography.  

Within the Swiss study Qualifex, a 3D-radiowave propagation model NISMap was used 

(Bürgi et al. 2008; Bürgi et al. 2010; Frei et al. 2009). NISMap is somewhat more versatile 

than previously used models in that it can take complex antenna radiation patterns and 

the geospatial environment (buildings and topography) into account, and does not rely on 

empirical, area-specific dispersion factors such as Geomorf. However, the current 

validation set is limited to Switzerland and its performance in other countries remains 

unclear, given that other geographical settings likely differ in built-up and mobile phone 

network characteristics. Furthermore, validation for the UMTS frequency band is limited, 

as UMTS use at the time of the Swiss studies was smaller than today.  

The objective of our study was to assess the potential of NISMap to predict RF-EMF from 

base stations in Amsterdam, the Netherlands. We obtained high quality model input data 

and collected a large sample of repeated measurements using a novel mobile monitoring 

method, to compare model predictions with representative measurement series. 

Methods 

Model description 

NISMap has been developed to compute environmental RF-EMF exposure for extended 

regions, considering the three dimensional environment by including topography and 

buildings in the model computations. Furthermore, detailed information about the 

transmitters, such as antenna pattern and vertical tilt, are taken into account. The 

reflection by buildings and influences of vegetation are not modelled. The model 

computes the field strengths of different frequency bands, corresponding to different 

exposure sources, such as FM radio, GSM900 and UMTS. NISMap is able to use different 

radio wave propagation algorithms to estimate RF-EMF exposure, such as the COST-

Walfisch-Ikegami model (COST-WI, Kürner 1999) and models developed by the 

International Telecommunications Union (ITU), for example the ITU-R P.1546-1 (ITU 2003). 

Depending on the available input data, exposure source(s) and exposure conditions, the 

most accurate radio wave propagation algorithm may vary. We used a smoothed version 
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of the double power law with breakpoint (Bürgi et al. 2008), derived from principles 

described in ITU-R P.1411 (ITU 2009), see equations [1] to [3].  
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E = Electric field strength along the main beam direction (V/m) 

d = distance from the transmitter (m) 

b = breakpoint distance, defined as follows: 
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h1= height of transmission antenna (m) 

h2 = height of receiver (m) 

λ= wavelength (m) 

E0 is defined as follows: 
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c = 2.998*10
8
 m/s = velocity of light 

μ0 = 4п*10
-7

 Vs/Am = magnetic field constant 

EIRP [W] is the effective radiated power of the equivalent isotropic radiator. EIRP relates 

to the ERP (effective radiated power of the equivalent dipole) as EIRP = 1.643 ERP. The 

conversion factor is the gain of the ideal half-wave dipole. 

The double power law [1] mimics the behaviour of two-ray propagation (Siwiak 1998). For 

distances much smaller than the breakpoint, it corresponds to free-space propagation, 

beyond the breakpoint, the field falls off over distance squared. The double power law is 

valid for the whole mobile phone frequency range (~300 - 3000 MHz) and has no semi-

empirical parameters to describe the size and distance between buildings in the model 

area (as done by the COST-WI model). The latter is not necessary as NISMap uses 3D 

building data to determine the damping and diffraction of the radio wave by buildings. 

Under non-line-of sight (NLOS) conditions, NISMap considers two propagation paths: (a) 

the direct straight path through all obstructing buildings, applying building damping as 
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appropriate, and (b) a path diffracted over the roofs of the buildings, applying knife-edge 

diffraction as appropriate. The larger field strength from these two paths is used in the 

calculation. Thus, building damping can affect the predicted outdoor field strengths in 

NLOS conditions. The amount of building damping depends on many factors, such as the 

wavelength, construction material and incidence angle (Berg 1999). NISMap allows the 

user to set, for each building, the damping of the roof, outside walls as well as for inside a 

building. We set the roof damping a priori to 5 dB, wall damping to 3 dB and inside 

damping to 0.2 dB/m for all buildings, based on the damping factors used by Bürgi et al. 

(2010). 

Input data 

The three main model inputs of NISMap are antenna data, 3D building geometry, and a 

digital terrain model (DTM). We obtained detailed information of all Amsterdam macro 

cell antennas and part of the microcell antennas at the time of our measurements (early 

2011) from the Dutch mobile phone network operators. The data contain the coordinates, 

height, horizontal direction, vertical tilt, antenna type, frequency, start date of operation 

and output power of each antenna. Because accurate antenna locations are crucial for 

modelling, we checked the 132 antennas located within 200 m of our measurement areas 

and corrected the coordinates of 81 antennas based on visual inspection of the exact 

location. The average positional error of these 81 antennas was 14 m, with a maximum 

error of 65 m. Furthermore, we checked if errors in the building or antenna height data 

had placed antennas inside a building or within 1 m above the rooftop, leading to 

erroneous building obstruction. If placed inside a building, or less than 1 m above building 

height, the antenna height was increased to 3 m above the top of the building, which 

corresponds to the average antenna height above the rooftop as derived from our data 

set. Out of the 3865 antennas in Amsterdam, the height of 371 antennas was adjusted.  

We acquired 3D-building data from EUROSENSE (Wemmel, Belgium), with a stated 

accuracy of 0.75 m. Buildings are digitized as moderately fine resolution box models: 

houses with inclined roofs will appear as having flat roofs, but larger buildings with several 

levels, such as churches, will appear as separate boxes. The building data dates from 2008. 

A DTM was not readily available, but a Dutch elevation model exists (Actueel 

Hoogtebestand Nederland, AHN). The AHN has a resolution of 5x5m and is from the year 

1998. The AHN contains buildings and vegetation in the elevation values, which would 

cause a complete obstruction of the radio waves in the NISMap model. We therefore 

filtered the building and vegetation from the Dutch elevation model by hand. The 

buildings were removed by overlaying the elevation model with the building data, 
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whereas the vegetation was manually removed based on visual interpretation of aerial 

imagery.  

Measurements 

We chose a mobile monitoring approach to capture the spatial variability of electric fields 

across short distances, and we repeated these measurements 16 times in order to 

additionally capture temporal variability. We collected RF-EMF measurements in five areas 

in Amsterdam along predefined paths of ~2 km length (Figure 1). The areas differ in 

characteristics, varying in building type (ranging from 2-storey residential houses to 8-

storey apartment buildings), openness and number of people on the street (ranging from 

quiet residential neighbourhoods to busy downtown areas). Measurement areas were 

spaced apart to ensure that no antenna influences the exposure levels in multiple areas. 

The individual paths were selected in a way to capture nearby antennas. However, we did 

not select based on frequency band, direction of the antenna or Line of Sight (LoS) 

condition of the path to the main beam. The paths were digitised using ArcGIS 9.3.1 (Esri 

Redlands, CA, USA) and aerial imagery from DigitalGlobe (Longmont, CO, USA). 

We performed 10 repeated measurement series between November 2010 and January 

2011. The measurements were done during daytime on subsequent Wednesdays and 

Thursdays, every two weeks. We varied the time of day each area was visited, obtaining a 

representative daytime profile of each area. An additional 6 measurements were taken 

from March 30 to August 24, 2011, in which we varied both the time of day and the day of 

the week to explore the long- and short term variation of RF-EMF exposure.  
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Figure 1: Map of the predefined paths through the five Amsterdam areas and the locations of base stations 

(aerial imagery from DigitalGlobe (Longmont, CO, USA)) 

We used two Satimo EME-SPY 140 exposure meters (exposimeters) (SATIMO, France) to 

measure the electric field strength. Since we were primarily interested in stationary 

sources, we assessed the downlink component of the frequency bands. The EME-SPY 140 

has a detection limit of 0.005 V/m for the mobile phone communication bands (GSM900, 

GSM1800 and UMTS). The exposimeters were set to the shortest sampling period of 4 

seconds and placed on a bike cart at a fixed height of 1 m above ground. The cart was 

made primarily of plastic, and the exposure meters were placed 20 cm apart in soft foam 

to ensure they would stay in place during the measurements. We performed duplicate 

measurements to obtain a more robust estimate of the field strengths and to ensure that, 

in case of device failure, at least one measurement series was collected. A research 

assistant walked with the cart at a constant speed along the predefined paths, keeping a 

distance > 1 m from the measurement devices to minimize the effect of body shielding 

(Rodriguez et al. 2011). We tracked the position of the bike cart with a Garmin Oregon 550 

(Garmin Inc., Olathe, KS, USA) GPS-device. 
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We tested the accuracy of the exposimeters prior, during and after the measurements and 

found the devices in good working order for the GSM 900 and UMTS bands. However, the 

tests showed that the exposimeters suffer from cross talk in the GSM 1800 MHz band 

(DCS) making it difficult to clearly distinguish between a DECT, GSM 1800 uplink and GSM 

1800 downlink signal resulting in unreliable GSM 1800 downlink measurements (see 

Supplementary data). We therefore omitted the GSM 1800 communication service from 

our model assessment.  

Data treatment and analysis  

We determined the location of each exposimeter measurement by linking the GPS-data 

with the RF-EMF measurements based on the logged times of both devices. Errors of GPS-

devices in dense built-up areas can lead to a significant displacement of the measurement 

locations (Beekhuizen et al. 2012). We therefore divided the digitised true paths into 5 m 

segments, and shifted the logged GPS-locations to the nearest 5-m segment to improve 

the location estimate. This procedure also ensured that no RF-EMF-measurements were 

erroneously placed inside nearby buildings.  

With the repeated measurements, a walking speed of approximately 1 m/s and two 

exposimeters in parallel, we collected ~40 measurements per 5 m segment. We computed 

the median of each group of 5 m segment measurements. Using NISMap, we estimated 

the electric field strengths every 0.5 m along the same paths, and subsequently computed 

the median of the 0.5 m values over the 5 m segments, which yielded 1827 measured and 

modelled point pairs; on average 365 per path. We determined the sources of variance of 

the log-transformed measurements with a mixed effect model implemented in the lme4 

library of R (The R Foundation for Statistical Computing, Vienna, Austria). We used area 

and date as a random effect. The difference between the two exposimeters used per 

measurement run was estimated by computing the coefficient of variance between the 

median 5-m segment device values (defined here as the standard deviation of the 

differences between the device values, divided by the overall average over both devices). 

The employed EME-SPY 140 exposimeters have a low detection limit, resulting in few non-

detects in the mobile phone downlink bands. We therefore did not impute measurement 

values below the detection limit, as previously done by others (Röösli et al. 2008). 

We determined model accuracy by comparing the median 5-m segment modelled and 

measured values; we computed the bias (the average difference between modelled and 

measured values), the precision (the standard deviation of the differences between the 

modelled and measured values), and Spearman’s rank correlation coefficient between the 

modelled and measured values. Model performance was also visually analysed with a 
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Bland-Altman plot (Bland and Altman 1986) and a profile plot, showing the median values 

of both measured and modelled values along the path.  

Results 

Measurements 

Due to the high sensitivity of the device probe, the number of non-detects was limited. 

For GSM 900, 0.02% of the data was below the detection limit and for UMTS 8.27%. The 

mixed effects model for the log-transformed GSM measurements showed little variation 

between measurement days (0.3% of the total variation), and a substantial variation 

between the areas (37.7%). Most of the variation was within date and area (61.9%). For 

the log-transformed UMTS measurements, most of the variance was determined by the 

area (58.1%). The variation within date and area accounted for 40.3%, and the between-

date for 1.2% of the variation. The coefficient of variation between the two exposimeters 

was 19% for GSM900 and 17% for UMTS. Figure 2 shows a selection of 8 profiles of the 

GSM900 and UMTS field strengths in Area 2, covering the entire measurement period. 

Model computations 

Figure 3 shows an example of the model predicted GSM 900 and UMTS electric field 

strengths at 1 m height. The map illustrates the damping by the buildings.  

Figure 4 shows a height profile of the electric field strengths along an arbitrary projection 

plane through Amsterdam. The field strengths were estimated every 2 m along the 

transect, starting at 1 m height up till 41 m. The figure illustrates the large variation in 

electric field strengths in both the horizontal and the vertical plane, especially at the 

boundaries of LoS and non-Line of Sight (NLoS) conditions due to building obstruction. 
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Figure 2: Electric field profiles of 8 measurement series of area 2, for GSM 900 (top panel) and UMTS (bottom 

panel). 
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Figure 3: GSM 900 (top panel) and UMTS (bottom panel) electric field strengths (V/m) for an area in Amsterdam. 

The white arrows show the location and horizontal direction of the main beam of the antennas. 
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Figure 4: 3D-profile of the GSM (top panel) and UMTS (bottom panel) electric field strengths (V/m). The yellow 

triangles show the locations of GSM and UMTS antennas for the top and bottom panel respectively. 

Comparison model and measurements 

Figure 5 shows a profile plot of the median 5-m segment measured and modelled GSM 

900 and UMTS field strengths for area 2. When comparing the profile plot with a map of 

nearby antennas, we found that large differences between model and measurements 

mainly occurred when being close to an antenna, usually within tens of meters.  
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Figure 5: Profile plot showing both measured and modelled GSM 900 (top panel) and UMTS (bottom panel) field 

strengths for the path through Area 2. 

Table 1 lists summary statistics of the median 5-m segment modelled and measured 

values, for each area and over all areas combined. Overall, an average field strength of 

0.21 V/m was measured for GSM 900 and 0.09 for UMTS. There was a 33% 

underestimation of the GSM 900 model predictions, and a 13% overestimation of the 

UMTS field strengths. The Spearman rank correlations of the different measurement areas 

ranged from 0.71 to 0.85 for GSM 900, with an overall correlation of 0.86. For UMTS, the 

correlation ranged from 0.44 to 0.75, with an overall correlation of 0.85. The precision was 

0.13 V/m for GSM 900 and 0.08 V/m for UMTS. Re-calculation with setting all 

measurements below the detection limit to zero did not materially alter the results (data 

not shown). 
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Table 1: Overview of the agreement between modelled and measured electric field strengths for each area and 

over all areas. 

   Area1 Area2 Area3 Area4 Area5 All 

GSM900 Mean Meas. (V/m) 0.17 0.21 0.08 0.22 0.42 0.21 

  Mean Model (V/m) 0.10 0.16 0.04 0.16 0.28 0.14 

  Ratio (Model/Meas.) 0.57 0.76 0.51 0.71 0.68 0.67 

  Bias (Meas-Model, V/m) 0.07 0.05 0.04 0.06 0.13 0.07 

  Precision (V/m) 0.10 0.11 0.05 0.13 0.22 0.13 

  Spearman R 0.81 0.78 0.80 0.85 0.71 0.86 

UMTS Mean Meas. (V/m) 0.01 0.13 0.08 0.12 0.15 0.09 

  Mean Model (V/m) 0.02 0.15 0.08 0.17 0.11 0.11 

  Ratio (Model/Meas.) 2.37 1.18 1.05 1.39 0.74 1.13 

  Bias (Meas-Model, V/m) -0.01 -0.02 0.00 -0.05 0.04 -0.01 

  Precision (V/m) 0.01 0.08 0.06 0.11 0.07 0.08 

  Spearman R 0.44 0.63 0.63 0.74 0.75 0.85 

 

Figure 6 shows Bland-Altman plots for the GSM 900 and UMTS downlink values over all 

areas. As indicated in Table 1, for GSM 900, there is an underestimation of the model 

(0.07 V/m), whereas for UMTS, there is a slight overestimation (0.01 V/m). There is more 

variance in the differences of GSM 900 than UMTS. For UMTS, most errors outside the 

95% confidence interval are due to model overestimations. 
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Figure 6: Bland-Altman plot of the GSM 900 (left panel) and UMTS (right panel) downlink values for all areas. The 

dotted line shows the bias, and the striped lines the bias +/- 2 Standard Deviations (95% confidence interval). 

Discussion 

Our results show that NISMap was able to reliably estimate RF-EMF from the different 

frequency bands (rank correlations for GSM900 and UMTS of 0.86 and 0.85 respectively). 

In general, with the exception of UMTS for area 1, each area had a high (0.63) to very high 

(0.85) correlation. The low correlation for area 1 can be explained by the lack of a nearby 

UMTS antenna, resulting in very low field strengths (average of 0.01 V/m) and minor 

spatial contrast. For UMTS, the overall high correlation is slightly driven by between area 

differences, as the area specific Spearman correlations are lower (ranging from 0.44 to 

0.75). The model obtained a precision of 0.13 V/m for GSM900 and 0.08 V/m for UMTS. 

For GSM, the average modelled field strength was lower than the average measurement, 

resulting in a bias of 0.07 V/m, whereas the modelled UMTS field strengths are slightly 

overestimated with a bias of 0.01 V/m. We omitted the validation of the modelled 

GSM1800 field strength because of measurement device issues, not because of model 

failure. We see little reason to assume that the radio wave propagation model would not 

work for GSM 1800, as the technology for GSM1800 is similar as for GSM900, and the 

wavelength of the GSM1800 band is in between the wavelength for GSM900 and UMTS, 

the two bands for which we observed high correlations between measured and modelled 

values.  
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Our model results were obtained with high quality input data, which might be 

unattainable for large scale studies. Still, the only manual correction done in this study is 

the adjustment of antenna locations. When using the uncorrected antenna locations as 

model input, performance only marginally decreased (Spearman correlation dropped from 

0.86 to 0.82 for GSM900 and from 0.85 to 0.83 for UMTS). All other data sources, such as 

the 3D-buildings, antenna properties and topography, are existent for the whole country.  

Previous studies that have modelled base station exposure differ in measurement design, 

input data and performance assessment. (Anglesio et al. 2001) found a consistent 

overestimation of their free-space propagation model, with a factor of 10 for lower floors, 

and a factor of 3 for upper floors. (Breckenkamp et al. 2008; Neitzke et al. 2007) tested the 

performance of their exposure model for different types of housing, and found Pearson 

correlation coefficients ranging from 0.48 to 0.86, with an average of 0.64. For the 

Geomorf model (Briggs et al. 2012), the Spearman correlation between outside spot-

measurements and modelled exposure was 0.66 (Elliott et al. 2010). However, correlation 

varied strongly between urban and rural sites and depending on whether data were 

analysed per antenna or per site. (Bürgi et al. 2008; Bürgi et al. 2010) assessed the 

performance of NISMap. Compared to outdoor spot measurements, NISMap yielded 

Pearson correlations between measured and modelled values of 0.63 to 0.86, depending 

on the frequency band and rural/urban environment. GSM 900 was slightly 

overestimated, with a bias 0.02 V/m, and UMTS underestimated, with a bias of 0.01 V/m. 

Previous validation measurements used fixed location measurements, usually spot 

measurements selected for a few typical exposure scenarios, such as LoS or NLoS 

conditions (e.g., Briggs et al. 2012; Bürgi et al. 2008). As the model performance is greatly 

dependent on the selection of the measurements locations, it is difficult to obtain a 

sample that contains all relevant conditions encountered in complex environments. 

Furthermore, fixed locations do not capture the spatial variation of the electric field 

strengths across short distances. With our mobile monitoring approach (i.e., continuous 

measurements along approximately 2 km long paths), we obtained an extensive 

measurement set for a wide range of exposure conditions; from LoS in both the main 

beam as well as the side lobes of the antenna, to NLoS, for varying distances from the 

antenna. We suspect that a different selection of paths would not significantly change our 

overall results; even though the paths were selected in a way that at least one base 

station was nearby, we did not consider direction, output power and frequency of the 

antenna. Furthermore, with a total path length of ~10 km and a high base station density 

encountered in an urban environment, every selection of paths will contain a large 

variation in terms of distance and line of sight of the antennae.  
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Variation in exposure has not only a spatial, but also a temporal component. By 

performing repeated measurements, at different times of day and over a time period of 

10 months, we took account of the temporal component, as well as attaining field 

strengths closer to the average exposure. Our measurements show that the electric field 

strengths have large spatial, but little temporal variability; they vary greatly between and 

within areas and little between days. The relatively low variation across time is 

encouraging, as it shows that also fewer measurement series could be used for any future 

model validation or other measurement series. By capturing the dominant spatial 

variation, we feel that our mobile monitoring approach provides a realistic estimate of the 

model performance.  

NISMap allows for the use of various radio wave propagation algorithms. In previous 

publications (Bürgi et al. 2008; Bürgi et al. 2010), the COST-WI propagation algorithm was 

used, but performance was similar to using double power law. We chose to use the 

double power law, since it is valid for the whole frequency range used for current and 

future mobile phone communication. In particular, COST-WI was calibrated for the use of 

frequencies up to 2000MHz, but future technologies may use frequencies outside of this 

range. 

We used one set of building damping parameters for all buildings, as it was not feasible to 

collect data on the material of each individual building to estimate its damping 

parameters. We tested the sensitivity of our model performance on a large set of damping 

parameters (data not shown), based on potential building damping factors estimated by 

(Berg 1999). The correlation was not sensitive to the building damping parameters, since it 

is mainly driven by the contrast between LoS and NLoS conditions. The quantitative 

agreement was more sensitive to dissimilar damping parameters, resulting in a difference 

of up to 30% between the ratio of modelled and measured values. We conclude that using 

one average building damping parameter set for the whole city is adequate for outside 

exposure modelling, especially when the ranking of exposure levels is more important 

than the correctness of absolute values. 

The profile plots (see Figure 5) allow for a visual comparison of the differences between 

model and measurements, both in relative and absolute terms. The largest errors were 

found within tens of meters from the antennas; this is most likely due to the large relative 

positional uncertainty close to antennas and shadow boundaries, but may also be caused 

by wrongly modelled side lobes of the antenna beam or reflections of the main beam from 

surrounding buildings. We also encountered peaks in the measurement series that were 
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not predicted by the model, due to nearby microcells not included or misplaced in our 

antenna dataset. 

One of the limitations of this study was the restriction of the measurements to an outdoor 

urban environment. Indoor exposure levels might be more relevant for personal exposure 

levels. However, we do not expect the results to greatly differ for indoor measurements, 

since (Bürgi et al. 2010) found similar agreement between indoor measurements using 

NISMap (Spearman correlation of 0.64 outdoor and 0.66 indoor for the total electric field 

strength). Furthermore, we do not expect a large decrease in performance for other 

environments, as we used a generic radio wave propagation algorithm (the double power 

law) and found good agreement in a complex urban environment with various building 

types and densities. Vegetation is not accounted for in NISMap and could potentially play 

a more important role in rural environments. We did not include a rural area into our 

validation and can therefore not evaluate the differences between these environments. 

However, NISMap was originally validated in an urban area (Basel) and a rural area 

(Bubendorf) and performed better in the rural environment (Pearson correlation of 0.76 in 

Basel and 0.86 in Bubendorf). In principle, our modelling could be extended to any other 

region, as long as the necessary input data are available. Empirical path-loss models on the 

other hand, such as COST-WI, are based on area specific field measurements and as such 

only valid for an area with similar characteristics, which make it more difficult to draw 

conclusions for different environments.  

Using NISMap, we observed good agreement between predicted and measured electric 

field strengths from mobile phone base stations in a complex urban environment. There is 

little bias and the values are within a reasonable range considering the complexity of radio 

wave propagation. The modelling approach provides a solid exposure assessment for fixed 

locations in large scale epidemiological studies of EMF and health. 
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Supplementary Data 

Accuracy test exposimeter 

The accuracy of the employed Satimo EME-SPY 140 exposimeters was tested by Marco 

Zahner in an anechoic chamber at the Electromagnetic Fields and Microwave Electronics 

Laboratory (IFH, Zurich, Switzerland). A signal generator was used to create electric fields 

at the centre frequency of the measurement bands, with increasing power levels and 

corresponding electric field strengths (see Table S1). Figure S1 shows the resulting 

measured field strengths of one of the exposimeters. Tests with the second exposimeter 

gave similar results (data not shown). The figure shows that when the signal generator 

emits radio waves with a DECT frequency, the exposimeter interprets the signal as DCS 

(GSM 1800) downlink (DL). Thus there is severe crosstalk between DCS DL and DECT. This 

results in major problems in interpreting the DCS measurements, as the DCS field strength 

might actually be a DECT signal. We therefore decided to omit DCS DL from our model 

validation. 

Table S1: Radiofrequency waves emitted by the signal generator1.  

Band Freq. (MHz) Corresponding electric field values (V/m) 

  E-field 

-10dBm 

E-field 

-6dBm 

E-field 

0dBm 

E-field 

6dBm 

E-field 

10dBm 

E-field 

13dBm 

E-field 

16dBm 

GSM DL 942.5 0.042 0.067 0.133 0.265 0.418 0.589 0.859 

GSM UL 897.5 0.043 0.068 0.135 0.267 0.422 0.595 0.870 

UMTS DL 2140 0.043 0.069 0.137 0.273 0.432 0.608  

WIFI2G 2450 0.044 0.069 0.138 0.274 0.434 0.611  

DCS DL 1842.5 0.043 0.068 0.137 0.271 0.427 0.598 0.847 

DCS UL 1747.5 0.043 0.068 0.136 0.271 0.427 0.599 0.846 

DECT 1890 0.044 0.069 0.138 0.274 0.431 0.604 0.857 

UMTS UL 1950 0.044 0.069 0.138 0.275 0.433 0.607 0.858 
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Figure S1: Measured electric field strengths of the EME-SPY 140 in the anechoic chamber 

DCS = GSM 1800 MHz, GSM = GSM 900 MHz, DL = Downlink, UL = Uplink 
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Abstract 

Radio frequency electromagnetic fields (RF-EMF) from mobile phone base stations can be 

reliably modelled for outdoor locations, using 3D radio wave propagation models that 

consider antenna characteristics and building geometry. For exposure assessment in 

epidemiological studies, however, it is especially important to determine indoor exposure 

levels as people spend most of their time indoors. We assessed the accuracy of indoor RF-

EMF model predictions, and whether information on building characteristics could 

increase model accuracy. We performed 15-minute spot measurements in 263 rooms in 

101 primary schools and 30 private homes in Amsterdam, the Netherlands. At each 

measurement location, we collected information on building characteristics that can affect 

indoor exposure to RF-EMF, namely glazing and wall and window frame materials. Next, 

we modelled RF-EMF at the measurement locations with the 3D radio wave propagation 

model NISMap. We compared model predictions with measured values to evaluate model 

performance, and explored if building characteristics modified the association between 

modelled and measured RF-EMF using a mixed effect model. We found a Spearman 

correlation of 0.73 between modelled and measured total downlink RF-EMF from base 

stations. The average modelled and measured RF-EMF were 0.053 and 0.041 mW/m
2
, 

respectively, and the precision (standard deviation of the differences between predicted 

and measured values) was 0.184 mW/m
2
. Incorporating information on building 

characteristics did not improve model predictions. Although there is exposure 

misclassification, we conclude that it is feasible to reliably rank indoor RF-EMF from 

mobile phone base stations for epidemiological studies.  
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Introduction 

The last decades have seen a large increase in the use of telecommunication technology. 

Thousands of mobile phone base stations have been placed to ensure universal mobile 

phone coverage. The antennas of these base stations generate a radiofrequency 

electromagnetic field (RF-EMF) when transmitting information, thereby continuously 

exposing the general population to electromagnetic fields. This exposure has raised 

concerns about potential health effects (HPA 2012; Röösli et al. 2010), increasing the need 

to assess RF-EMF population exposure. In the context of epidemiological research, indoor 

exposure at home is especially important, since both adults and children spend most of 

their time indoors. We can determine the personal exposure with measurement devices, 

as discussed by Röösli et al. (2010). However, many of the potential health effects need 

large study populations to draw sound scientific conclusions, which can easily surpass the 

limits of measurement campaigns.  

Various prediction models have been developed to determine RF-EMF exposure for 

epidemiological research. Briggs et al. (2012) created the model Geomorf, which was 

validated using outdoor measurements in both rural and urban environments. Neitzke et 

al. (2007) developed an indoor exposure model based on detailed information of the base 

stations, surrounding area and indoor location. Bürgi et al. (2008) developed the 3D radio 

wave propagation model NISMap, which was validated for outdoor RF-EMF levels in 

Switzerland (Bürgi et al. 2008) and Amsterdam, the Netherlands (Beekhuizen et al. 2013), 

as well as indoor levels in Basel, Switzerland (Bürgi et al. 2010). Here, we extend upon 

these previous validation studies by validating NISMap for indoor RF-EMF in Amsterdam, 

the Netherlands.  

The objective of our study was to assess the potential for predicting indoor RF-EMF levels 

from mobile phone base stations in a complex urban environment. To determine model 

accuracy, we obtained a large data set of indoor measurements taken in homes and 

schools. As a secondary objective, we examined if supplementary information on the wall 

material, window glazing and window frame of the measurement sites could improve 

model predictions. 
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Methods 

Input data 

For 3D modelling of the RF-EMF from base stations we need the following input data: 3D-

building data, base station antenna data and a Digital Terrain Model (DTM). We acquired 

building data from EUROSENSE (Wemmel, Belgium), with a stated vertical accuracy of 0.75 

m. The building data is a so-called box model, as each digitised building has one height 

estimate. Inclined roofs therefore appear as having a flat roof. The antenna data were 

provided by the Dutch mobile phone network operators, containing information on the 

location, height, horizontal direction, vertical tilt, antenna type, frequency and output 

power of each antenna. The DTM was extracted from a filtered version of the Dutch 

elevation model (Actueel Hoogtebestand Nederland, AHN). 

Model description 

NISMap is a 3D-radio wave propagation model that considers the geospatial environment 

and antenna configuration for predicting RF-EMF. Radio wave propagation models 

compute the propagation paths of the radio waves between all transmitter and receptor 

points in the study area. The model determines the direction, strength and origin of the 

radio waves with information on the direction, tilt, output power and location of the 

antenna. A radio wave propagation algorithm calculates the decrease in the RF-EMF with 

distance. We used the Double Power Law (ITU 2009) propagation algorithm, which was 

successfully applied in previous NISMap validation studies by Beekhuizen et al. (2013) and 

Bürgi et al. (2010). NISMap evaluates the buildings obstructing the path between 

transmitter and receptor, and attenuates the wave depending on the building damping 

parameters. The building damping parameters were set to the values used by Bürgi et al. 

(2010), i.e. wall and roof damping 4.5 dB, and inside damping 0.6 dB/m. 

Measurements and study area 

We collected spot measurements in 263 rooms, in 101 different primary schools (out of 

the 211 primary schools in Amsterdam) and 30 home locations in Amsterdam (see Figure 

1). The school measurements were performed for an ongoing epidemiological study on 

RF-EMF exposure and cognitive function and behaviour problems in children, part of the 

ABCD study (van Eijsden et al. 2011). The schools were selected based on their spread 

over Amsterdam and the number of children participating in the ABCD study, and 

consisted of mostly one-or two storey buildings in residential areas. The homes were 

selected on a volunteer basis, and were mainly located in three- to six storey apartment 
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buildings. In nearly all homes and schools, measurements were performed in two different 

rooms. In each room, we measured at multiple spots, as in an indoor environment the RF-

EMF will show an interference pattern due to multiple reflections. We measured in the 

four corners of the room at 1.5 m height and a distance of 1.5 m from the walls, and in the 

centre of the room at heights of 1.1, 1.5 and 1.7 m, for at least 2 minutes per sample. 

Next, we took the time-weighted average of the seven spot measurements to obtain the 

RF-EMF level in the room. This method has been recommended by CENELEC (2008) and 

was used by Bürgi et al. (2010), who found that it gave a robust estimate of the indoor 

field strength. The time-weighted average will be referred to as the ‘measured’ value for 

each measurement location. We used an EME-SPY 140 (SATIMO, France) exposure meter 

to measure RF-EMF, which was placed on a wooden tripod to minimize interference of the 

radio waves. The EME-SPY 140 measures the electromagnetic field in 14 different 

frequency bands, ranging from FM (88 to 108 MHz) to WiFI 5G (5150 – 5850 MHz), with a 

detection limit for the six mobile phone frequency bands (GSM900, GSM1800 and UMTS 

uplink and downlink) between 6.63*10
-5

 and 66.3 mW/m
2
. The school classrooms and 

home locations were geocoded with Google Earth, using aerial imagery from Aerodata 

(Breda, the Netherlands). To determine the height above ground of the measurements, 

we collected information on the total number of floors and the floor the measurement 

was taken at each measurement location. Furthermore, we obtained data on building 

characteristics (based on Frei et al. 2009) that could affect the damping of the radio 

waves, i.e. wall material (brick, concrete or other), window glazing (single or double) and 

window frame material (wood, plastic, metal or other). 
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Figure 1: Overview measurement locations 

Data treatment and analysis 

The height of each of the measurement locations above ground was calculated with the 

following formula:  

            
              

           
                   [1] 

The CalcHeight was used as the height input for the prediction model NISMap.  

We computed the accuracy of the NISMap model predictions with the following accuracy 

indicators: bias (average difference between modelled and measured values), ratio (the 

mean modelled divided by the mean measured values), precision (the standard deviation 

of differences between modelled and measured values), the Spearman correlation (rank 

correlation between the modelled and measured values), and the weighted and 

unweighted Cohen’s kappa statistic. All accuracy indicators were computed on the power 

density (mW/m
2
). The Spearman correlation was computed as a robust indicator of the 

model’s ability to differentiate between high and low exposed, without the need to define 
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arbitrary thresholds for exposure categories. Contrary to for example Pearson’s R, rank 

correlations are not sensitive to the unit in which the RF-EMF is expressed (i.e. the results 

are the same for V/m, dBW, dBm, W/m
2
), and outliers do not have a major impact on the 

correlation. Following Bürgi et al. (2010), the unweighted and weighted kappa statistic 

were computed on the tertiles of the data distributions of the measured and predicted RF-

EMF, counting adjacent categories as 50% agreement, otherwise as complete 

disagreement. We applied a linear mixed effect model, using the nlme library (Pinheiro et 

al. 2011) of R (R Development Core Team 2011), to quantify the variability in measured 

RF-EMF that could be explained by NISMap and in addition our building characteristics. 

The mixed effect model accounted for the correlation between the repeated 

measurements in the same building, by including the building as a random intercept. As 

the RF-EMF levels better fitted a log-normal than a normal distribution, we log-

transformed both the NISMap model predictions and the measurements:  

                                                [2] 

Where Meas is the average measured value in room i of building j,   is the intercept 

(background), NISMap is the modelled NISMap prediction, BC are the building 

characteristics 1 through k, j  is the building,   the random effect of the building and   the 

residual. We also computed the ratio of the within- and between building variance of the 

empty model (no fixed effects, only building as random intercept) as an indicator for the 

differences between RF-EMF within a building. 

Results 

Accuracy of the model predictions 

Table 1 lists the accuracy of the model predictions for each frequency band used by 

mobile phone base stations, as well as the total downlink RF-EMF of all base stations. We 

measured the strongest RF-EMF for GSM900 (0.020 mW/m
2
), followed by GSM1800 

(0.012 mW/m
2
) and UMTS (0.010 mW/m

2
). Our model underestimated the GSM900 levels 

and overestimated GSM1800 and UMTS. The precision was better for GSM900 (0.063 

mW/m
2
) than for GSM1800 and UMTS (0.084 and 0.074 mW/m

2
). The Spearman 

correlations (~ 0.7) and weighted kappas (~ 0.54) were similar for all bands and the total 

downlink RF-EMF.  
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Table 1: Accuracy of model predictions for each frequency band and for the total downlink RF-EMF of all mobile 

phone base stations (unit: mW/m2). 

  GSM900 GSM1800 UMTS Total 

Mean Model 0.014 0.022 0.017 0.053 

Mean Meas. 0.020 0.012 0.010 0.041 

Ratio (Model/Meas.) 0.73 1.85 1.72 1.29 

Bias (Model-Meas.) -0.005 0.010 0.007 0.012 

Precision 0.063 0.084 0.074 0.184 

Spearman R 0.74 0.69 0.71 0.73 

Kappa (tertiles, weighted)b 0.57 0.52 0.55 0.53 

Kappa (tertiles, unweighted) 0.46 0.40 0.45 0.41 
a Ratio = Mean Model / Mean Measurement, Bias = Mean model  - Mean measurement, Precision = standard 

deviation of the differences between individual measured and modelled values 
bKappa computed on tertiles with linear weight; adjacent categories have 50% agreement, otherwise complete 

disagreement 

 

Figure 2 shows two Bland-Altman plots (Bland and Altman 1986) for both the absolute as 

well as the relative differences between the NISMap model predictions and the measured 

RF-EMF. We observe large differences between predicted and measured RF-EMF, but little 

bias. The relative model error was similar for low and high average RF-EMF. 

  
Figure 2: Bland-Altman plot of the total downlink RF-EMF of the NISMap model predictions, showing the 

absolute (left panel) and relative (right panel) differences between modelled and measured values. The solid line 

shows the bias and the striped lines the bias +/- 2 standard deviations. 
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Using building characteristics to explain variance 

Table 2 shows the result of the mixed effect modelling of the log-transformed total 

downlink RF-EMF, with building as a random intercept. The R
2 

of each of the building 

characteristics represent the additional explained variance compared with the default 

model, which uses the log-transformed NISMap prediction as the only fixed effect (R
2
 of 

0.51). None of the building characteristics were significant. The ratio of the within- and 

between building variance for the empty model was 0.42, which indicates that the 

between building variance is over twice as high as the within building variance, but the 

within building variance still accounts for almost 30% of the total variance. 

Table 2: Results of the mixed effect model with the building as a random intercept, showing the back 

transformed coefficients, the confidence interval and the coefficient of determination (R2) of the building 

characteristics and NISMap when added as a fixed effect.  

FixedEffect N Coef. Conf. Interval R2 

NISMap 263 1.67 (1.55 - 1.78) 0.513 

Wall: Brick 188 1.00 
 

0.007 

Wall: Concrete 62 0.88 (0.55 – 1.41) 
 

Wall: Other 13 0.96 (0.37 – 2.49) 
 

WindowFrame: Wood 180 1.00 
 

0.004 

WindowFrame: Plastic 49 0.87 (0.52 – 1.45) 
 

WindowFrame: Metal 24 1.01 (0.56 – 1.83) 
 

WindowFrame: Other 10 1.13 (0.45 – 1.83) 
 

Glazing: Double 169 1.00 
 

-0.002 

Glazing: Single 93 0.96 (0.64 – 1.43) 
 

Discussion 

Using the 3D-radio wave propagation NISMap, we were able to predict the total indoor 

RF-EMF from mobile phone base stations with a Spearman correlation of ~0.7 and a 

weighted kappa of 0.53. The precision for the total downlink RF-EMF was 0.186 mW/m
2
, 

with a slight average model overestimation (bias) of 0.012 mW/m
2
 and a mean measured 

value of 0.041 mW/m
2
. Including information on building characteristics did not explain 

additional variance in the measurements.  

Bürgi et al. (2010) also assessed indoor performance for the NISMap model using 133 

bedroom measurements in the Basel area, Switzerland. They included radio and TV 

transmitters in the computation, and reported a Spearman correlation of 0.68 and a 

weighted kappa of 0.49 between modelled and measured total RF-EMF, slightly lower 

than our correlation of 0.73 and kappa of 0.53 for total downlink from mobile phone base 
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stations. Neitzke et al. (2007) found a Pearson correlation of 0.64 and kappa values 

between 0.41 and 0.68 for different types of housing areas in an internal validation of 

their RF-EMF prediction model, whereas (Breckenkamp et al. 2008) performed an external 

model validation and reported a lower Spearman correlation of 0.30 and kappa values 

ranging between 0.26 and 0.38, mainly due to less accurate input data. The obtained 

correlations for our indoor validation are slightly lower than in our outdoor validation 

study of NISMap (Beekhuizen et al. 2013), with a Spearman correlation of 0.86 for 

GSM900 and 0.85 for UMTS. 

One of the strengths of our study is the large collection of school measurements (almost 

half of all primary schools in Amsterdam), including information on wall material, glazing 

and window frame. A second strength is the availability of detailed building and antenna 

data for the whole city of Amsterdam. Thirdly, we computed the RF-EMF in 3D-space, 

using 3D building data and information on the number of floors at the measurement sites. 

We thereby tackled a major challenge for computing indoor RF-EMF levels, namely 

accounting for differences in RF-EMF with height. As most base stations are placed on 

rooftops, the upper floors of surrounding buildings are more likely to be in line-of-sight of 

nearby base stations and near the main radiation lobe, resulting in higher RF-EMF levels. 

Assigning ground floor (or street level) RF-EMF for individuals’ exposure levels could 

therefore lead to large errors, especially in urban populations.  

A limitation of the study is the restriction of our indoor RF-EMF modelling to mobile phone 

base stations. Our measurements show that the exposure from mobile phone base 

stations was, on average, 35% of the total indoor RF-EMF exposure. The largest indoor RF-

EMF source were DECT-phones with 40% of total indoor RF-EMF. WiFi contributed 7%, 

and TV- and radio broadcast transmitters 7% and 6% respectively to RF-EMF exposure. As 

mobile phone use was not allowed during the measurements, the contribution of the 

uplink (5%) is not representative of true levels. We could not model the electromagnetic 

fields from radio- and TV broadcast transmitters as we were unable to obtain information 

on output power and antenna patterns. A second limitation is that we only included 

indoor measurements in a flat, urban area. The model performance might differ in, for 

example, rural or mountainous areas. Thirdly, as most of our measurement were taken in 

primary schools, the variation in floors was limited. Most sites (58%) were located on the 

ground floor, 20% at the first floor, 9% at the second floor and 12% at the third floor or 

higher.  

Model performance was better for school (Spearman’s R of 0.78) than for home 

(Spearman’s R of 0.60) measurement sites. We suspect this difference in performance can 



Modelling indoor EMF from base stations 

79 

be partly explained by the complexity of building shapes in typical areas where school and 

home measurements were taken. Most schools were located in areas with buildings that 

are accurately represented in our box model 3D building data. Conversely, the majority of 

the home measurement sites were located in the city centre of Amsterdam, with complex 

building shapes that are less accurately represented by a box model. Secondly, a large 

difference between the home and school sites is the floor at which the measurement was 

taken, as 75% of all school and only 5% of the home measurement sites were on the 

ground floor. However, when restricting the analysis to either the school or home 

measurements, the Spearman correlation between modelled and measured RF-EMF at 

upper floors was similar as for the ground floor (data not shown). We therefore do not 

think that model performance differs with height. Thirdly, the performance difference 

between homes and schools could to a certain extent be a chance finding, as we only 

measured in a limited number of homes (N = 30, total of 60 rooms). 

Large discrepancies between modelled and measured field strengths mostly occur due to 

an error in predicting if the measurement site is in line-of-sight (i.e. unobstructed view 

between the antenna and the measurement site) of the beams of surrounding antennas. 

Line-of-sight conditions could be wrongly modelled due to small errors in the geometry of 

the building and antenna input data, such as antenna location, direction and building 

height. Besides errors in the input data, simplifications in the NISMap model itself can 

result in discrepancies. For example, NISMap does not consider vegetation and reflection 

of radio waves, thus a highly reflective wall or a large tree scattering the radio waves could 

result in large prediction errors. These modelling errors cause exposure misclassification, 

likely resulting in attenuation of risks. 

In line with Bürgi et al. (2010), we also computed the Spearman correlation between the 

measured RF-EMF and the inverse distance to the nearest antenna. Whereas Bürgi et al. 

(2010) reported a very low correlation of 0.18 for their indoor sites, we found a moderate 

correlation of 0.50 for the distance-based exposure proxy. The correlation changed with 

floor height, but showed no consistent pattern: the Spearman correlation was 0.47 for the 

ground floor measurement sites (N = 154), 0.57 for the sites on the first floor (N = 53), but 

dropped to 0.47 for second floor and higher measurement sites (N = 55). Even though the 

basic distance to antenna proxy performs relatively good in our study, we recommend to 

use 3D radio wave propagation modelling as the performance is superior over nearest 

distance in both this study and the Swiss model validation (Bürgi et al. 2010). 

Surprisingly, none of the building characteristics wall material, window frame material and 

glazing were significant predictor variables in the mixed effect model. Conversely, Frei et 



Chapter 4 

80 

al. (2009) found an increase in the R
2
 of the modelled electromagnetic field strengths 

when including wall material and window frame as predictor variables, from 0.34 to 0.52, 

although only the wall material was reported to be significant. This could be due to a 

larger contrast between wall materials in Basel compared with Amsterdam. In Basel, there 

were also wooden walls which have a significantly lower building damping than concrete 

walls (Berg 1999). Furthermore, the R
2
 of our model without any building characteristics 

was 0.51 (see Table 2), which is comparable to the model with building characteristics by 

Frei et al. (2009). 

Although there is exposure misclassification, we conclude that it is feasible to predict 

indoor RF-EMF levels from mobile phone base stations for ranking exposure in 

epidemiological studies, when information on antennas and 3D-building data are 

available. Our predictions were not improved by including additional building 

characteristics in the modelling process. Since indoor base station exposure is a 

substantial part of the total personal exposure, these results brings us one step closer to 

obtaining reliable RF-EMF exposure estimates for large populations. Ultimately, this will 

improve the validity of future epidemiological studies of the potential health risks of RF-

EMF. 
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Abstract 

The increase in mobile communication technology has led to concern about potential 

health effects of radio frequency electromagnetic fields (RF-EMF) from mobile phone base 

stations. Different RF-EMF prediction models have been applied to assess population 

exposure to RF-EMF. Our study examines what input data is needed to accurately model 

RF-EMF, as detailed data is not always available for epidemiological studies. 

We used NISMap, a 3D radio wave propagation model, to test models with various levels 

of detail in building and antenna input data. The model outcomes were compared with 

outdoor measurements taken in Amsterdam, the Netherlands.  

Results showed good agreement between modelled and measured RF-EMF when 3D-

building data and basic antenna information (location, height, frequency and direction) 

were used: Spearman correlations were > 0.6. Model performance was not sensitive to 

changes in building damping parameters. Antenna specific information about down-tilt, 

type and output power did not significantly improve model performance compared with 

using average down-tilt and power values, or assuming one standard antenna type.  

We conclude that 3D radio wave propagation modelling is a feasible approach to predict 

outdoor RF-EMF levels for ranking exposure levels in epidemiological studies, when 3D 

building data and information on the antenna height, frequency, location and direction 

are available.  
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Introduction 

Previous observational studies on potential health effects from radio frequency 

electromagnetic fields (RF-EMF) from mobile phone base stations have applied several 

methods to assess exposure. Performing measurements could be perceived as a superior 

approach to obtain exposure estimates for study participants (Bolte and Eikelboom 2012; 

Frei et al. 2009; Thomas et al. 2008; Viel et al. 2009), but is very time intensive and can 

therefore be prohibitive in large epidemiological studies. Other studies have applied 

surrogate measures as proxies for exposure, such as average density and power output of 

antennas per area (Li et al. 2012), or distance to the closest mobile phone base station 

(Dode et al. 2011; Eskander et al. 2012). However, such simple exposure proxies have 

been shown to correlate poorly with measured exposure levels (Frei et al. 2010), which 

means that study participants are likely to be misclassified hampering the assessment of 

the presence or absence of health effects. 

Alternatives to such simple proxies are geo-spatial models that estimate the RF-EMF for 

any given geographical location, usually the study participants’ place of residence. In such 

models, information of the geo-spatial environment is combined with antenna 

characteristics. Even though the physics behind radio wave propagation are well 

understood, the large number of factors that have an impact on the resultant RF-EMF 

greatly add to the complexity of the models. Buildings and vegetation can shield, diffract 

or reflect radio waves, depending on their placement, angles and materials. Ideally, one 

would have information regarding the exact configuration of the antenna, its location, and 

the location and properties of any obstructing objects between the antenna and a 

receptor. Consequently, the exact geometries and materials of objects would have to be 

available in digital format, which is rarely the case. 

Different methods have been applied to model radio wave propagation, with various 

degrees of accuracy of the input data. Examples are free-space propagation with no 

building obstruction (Anglesio et al. 2001), or free-space propagation combined with 

empirically determined transmission factors to account for obstruction by buildings and 

vegetation (Breckenkamp et al. 2008; Neitzke et al. 2007), or shielding by topography in 

combination with empirical transmission factors (Briggs et al. 2012). The most 

comprehensive model used in epidemiological studies so far, NISMap, applies a 3D 

modelling environment. NISMap has been used in Basel, Switzerland (Bürgi et al. 2008; 

Bürgi et al. 2010) and in Amsterdam, The Netherlands (Beekhuizen et al. 2013) and 

showed a moderately high correlation with measured levels of RF-EMF (Spearman 
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correlation ~ 0.7-0.8). NISMap considers the antennas’ radiation patterns, buildings and 

topography, but the impact of vegetation and reflections are not taken into account.  

In general, correlations between modelled and measured RF-EMF seem to improve with 

increasing level of detail for the input parameters of the models (Bürgi et al. 2010; Neitzke 

et al. 2007). However, it is unclear which characteristics of the input data or radio wave 

model drive the accuracy of the modelling results. We therefore evaluated the impact of 

different input data characteristics and model settings on the accuracy of outdoor RF-EMF 

model predictions in the city of Amsterdam, The Netherlands. The aim of our study is to 

assess the feasibility of RF-EMF exposure assessment for a range of data and model 

limitations, as for many epidemiological studies detailed data are not available. 

Methods 

Propagation model description 

We used NISMap for our model tests. NISMap is a deterministic model that accounts for 

building-obstruction and diffraction with actual 3D building data, instead of empirically 

derived shielding factors. A more detailed description of NISMap is given in (Bürgi et al. 

2008). For each individual building in the 3D-building dataset, the damping of the radio 

waves can be set for the roof, walls and inside. As it was not feasible to determine the 

individual building damping parameters, we set the damping parameters a priori to fixed 

values. The default roof damping was set to 5 dB, wall damping to 3 dB and inside 

damping to 0.2 dB/m, based on values from (Bürgi et al. 2010). We tested two radio wave 

propagation models. First, a smoothed version of the double power law with breakpoint 

(Bürgi et al. 2008), derived from principles described in ITU-R P.1411 (ITU 2009). The 

double power law is valid for the whole mobile phone frequency range (~300 - 3000 MHz). 

Second, we tested free space propagation, which is a simpler wave propagation model 

that does not consider obstacles between transmitter and receiver. 

Study area and measurements 

Details on the measurement campaign have been described earlier (Beekhuizen et al. 

2013). In brief, a mobile monitoring approach was used to capture the high spatial 

variability in RF-EMF. We performed continuous RF-EMF measurements in 5 areas in 

Amsterdam along predefined paths of ~2 km length. Each area had different 

characteristics, ranging from high-rise apartment blocks to low-rise buildings. We 
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repeated measurements 16 times over a 9-month period, at varying days of the week and 

times of day. 

We used two EME-SPY 140 (SATIMO, France) exposure meters to measure the RF-EMF, set 

to the minimum measurement interval of 4-seconds. The devices were placed on a plastic 

bike cart, with which a research assistant walked along the paths. A Garmin Oregon 550 

(Garmin Inc., Olathe, KS, USA) GPS-device was used to track the location of the cart. 

The two measurement devices were calibrated before the study, and additional accuracy 

tests were performed prior, during and after the measurement series. These tests showed 

that the devices were in good working order, except for the GSM1800 band, which 

suffered from crosstalk (see supporting material Beekhuizen et al. 2013). The accuracy 

tests were performed with a continuous wave, but the EME SPY uses a combination of 

physical filtering and a numerical algorithm for band characterisation (Martin Röösli, 

personal communication). When using such a signal (i.e. as encountered in the field), 

crosstalk is much lower (Lauer et al. 2012). Here, we therefore also report the results for 

GSM1800. Including GSM1800 enables us to compute the combined RF-EMF of all 

downlink mobile phone frequency bands, which will be referred to as the total (downlink) 

RF-EMF. 

Input data 

We obtained antenna data from the Dutch mobile phone antenna operators, containing 

detailed information (coordinates, height, horizontal direction, vertical tilt, antenna type, 

frequency, date since in operation and output power) of each antenna in Amsterdam (N = 

3864) . We checked the location, as given in the data from the providers, of all antennas 

within 200 m of our measurement paths (N = 132) by site visits. We found that 81 out of 

these 132 antennas (61%) were misplaced from their actual location. The average 

positional error of the misplaced antennas was 14 m, with a maximum error of 65 m. We 

adjusted the provided locations based on our visual inspection on site. 

High quality 3D building data were acquired from Eurosense (Wemmel, Belgium), with 

stated vertical accuracy of 0.75 m and dating from 2008. Buildings are digitized as 

moderately fine resolution box models: Houses with inclined roofs will appear as having 

flat roofs, but larger buildings with several levels, such as churches, will appear as separate 

boxes.   

Lastly, we obtained a digital terrain model (DTM) to represent the topography of the 

terrain. The DTM was extracted from a filtered version of the Dutch elevation model 
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(Actueel Hoogtebestand Nederland, AHN), in which objects on top of the terrain (such as 

trees, buildings and cars) were removed. We interpolated these missing height estimates 

using the surrounding heights. 

Model tests 

We compared the performance of eight different models. The first, our underlying 

‘Optimal’ model, was the default model (see also Beekhuizen et al. 2013). This model used 

3D building data, detailed antenna data (as provided by the mobile phone operators but 

with corrected locations), a DTM, and the double power law propagation algorithm. 

Subsequently, we varied both the input data as well as the radio wave propagation 

algorithm, one factor at a time for comparisons (see Table 1). The second model 

(‘OrigAntLoc’) evaluated the effect of using the original, uncorrected antenna locations 

provided by the antenna operators as correcting all antenna locations would not be 

feasible in a large epidemiological study. The model ‘FixedTypeTilt’ was based on a 

scenario where antenna type and vertical tilt are unknown given that detailed data on the 

antenna specifications may not always be available. We therefore set all antenna 

properties to a fixed value based on the central tendency of the values found in our 

complete data set. The ‘FixedTypeTiltPower’ model assumed no knowledge about antenna 

type, tilt and output power. We set type and tilt to the values used for the ‘FixedTypeTilt’ 

model and the output power to the median power level of all Amsterdam’ antennas. The 

‘MinBD’ and ‘MaxBD’ models evaluated the effect of building damping parameters for a 

minimal and maximal building damping, where minimal was 4 dB, 3 dB and 0.0 dB/m, and 

maximal was 10 dB, 10 dB and 0.8 dB/m for roof, wall and inside damping, respectively. 

These values were based on potential building damping factors estimated by (Berg 1999). 

With the ‘FreeSpaceProp’ model we tested the effect of no building obstruction combined 

with a free space propagation algorithm, and finally, the ‘NearestAnt’ model, in which the 

distance to the nearest antenna was used as a proxy for exposure. The latter only required 

knowledge about the location and communication service of the antennas.  
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Table 1: Overview different models to assess RF-EMF exposure 

Model name Building 
data 

Building 
damping 

Ant. 
Location 

Ant. 
Tilt 

Ant. 
Type 

Ant. 
Power 

Prop. 
algorithm 

DTM 

Optimal Yes Default Impr. Avail. Avail. Avail. Double 
Powerlaw 

Yes 

OrigAntLoc Yes Default Orig. Avail. Avail. Avail. Double 
Powerlaw 

Yes 

FixedTypeTilt Yes Default Impr. Unavail;
Fixed 

Unavail;
Fixed 

Avail. Double 
Powerlaw 

Yes 

FixedTypeTiltPow Yes Default Impr. Unavail;
Fixed 

Unavail;
Fixed 

Unavail;
Fixed 

Double 
Powerlaw 

Yes 

MinBD Yes 

 

Min. Impr. Avail. Avail. Avail. Double 
Powerlaw 

Yes 

MaxBD Yes 

 

Max. Impr. Avail. Avail. Avail. Double 
Powerlaw 

Yes 

FreeSpaceProp None NA Impr. Avail. Avail. Avail. Free Space 
Prop. 

No 

NearestAnt None NA Orig. NA NA NA None NA 

DTM = Digital Terrain Model; NA = not applicable; RF-EMF = radio frequency electromagnetic field; Impr. = 

Improved; Orig. = Original; Avail. = Available; Unavail. = Unavailable; Prop. = Propagation,  

Data treatment and analysis 

We geo-located all measurements gathered over 16 days and grouped the measurements 

for distinct 5-m segments along the path, which resulted in around 40 measurements per 

segment. Next, we took the median of the measurement values within the 5-m segment 

to obtain a robust estimate, yielding 1827 measurement data points. For each model 

approach, we estimated the RF-EMF every 0.5 m along the measurement paths and 

subsequently took the median of the 0.5 m values in the corresponding 5 m segment. We 

refer to the medians per 5-m segment as respectively ‘measured’ and ‘modelled’ values.  

There were few non-detects in our measurements; for GSM900, 0.02% of the individual 

measurements were below the detection limit, 0.07% for GSM1800 and 8.27% for UMTS. 

We therefore did not do any imputation; the measurement values below the detection 

limit were set to the detection limit. The accuracy of each model (n=8) was determined by 

comparing the modelled and measured values. We computed the bias (the average 

difference between modelled and measured values), ratio (the mean modelled divided by 

the mean measured values), precision (the standard deviation of the differences between 

the modelled and measured values), and the coefficient of variation (CV) as a standardized 

measure of model fit (precision divided by the mean measured value). All accuracy 

indicators were computed on the power density (mW/m
2
). Lastly, we computed the 
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Spearman correlation (the rank correlation coefficient between the modelled and 

measured values). The Spearman rank correlation is a robust indicator of the model’s 

ability to rank exposure in a meaningful way, without the need to define arbitrary 

thresholds for RF-EMF exposure categories. Furthermore, the Spearman correlation is 

independent of the unit of choice; contrary to e.g. the Pearson correlation, the same 

correlations are found when expressing the RF-EMF in electric field strength, power 

density or in decibel-Watt.   

Results 

Table 2 shows the performance for each model. Overall, GSM900 was the strongest 

contributor to the total RF-EMF, followed by GSM1800. On average, the models 

underestimated the RF-EMF for both GSM frequencies, and overestimated the UMTS RF-

EMF. The relative accuracy (i.e. the precision and CV) of the model predictions was low, 

and similar for the majority of the model runs per frequency band. We set the antenna 

properties for the ‘FixedTypeTilt’ model to 65° for the horizontal and 7° for the vertical 

beam width, and 5° for the down-tilt. The ‘FixedTypeTiltPower’ used a fixed output power 

of 27 dBW. Model performances were similar for the models that considered both 

building and antenna data, except for the ‘FixedTypeTiltPower’ model runs and the 

GSM1800 Spearman correlations for the ‘MinBD’ (0.64) and ‘MaxBD’ (0.48) models. When 

no building obstruction was considered (i.e. the ‘FreeSpaceProp’ and ‘NearestAnt’ 

models), model performance decreased. The ‘FreeSpaceProp’ model considerably 

overestimated the RF-EMF, and had a low Spearman correlation of 0.09 for the total RF-

EMF. There was an inverse correlation between distance to the nearest antenna and the 

total measured RF-EMF of -0.50.  
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Table 2: Overview model performances for each frequency band and the total downlink RF-EMF (unit: mW/m2) 

 

Model Name
a
 

Mean 
Model

b
 

Mean 
Meas.

b
 Ratio

b
 Bias

b
 Precision CV

b
 ρs

b
 

GSM900 Optimal 0.11 0.21 0.51 -0.10 0.36 1.68 0.86 

  OrigLoc 0.09 0.21 0.43 -0.12 0.38 1.77 0.82 

  FixedTypeTilt 0.11 0.21 0.54 -0.10 0.35 1.67 0.86 

  FixedTypeTiltPower 1.01 0.21 4.76 0.80 5.44 25.71 0.79 

  MinBD 0.12 0.21 0.58 -0.09 0.35 1.68 0.85 

  MaxBD 0.10 0.21 0.48 -0.11 0.36 1.69 0.84 

  FreeSpaceProp 1.23 0.21 5.80 1.02 0.98 4.62 0.32 

  NearestAnt             -0.61 

GSM1800 Optimal 0.06 0.14 0.41 -0.09 0.29 2.02 0.56 

  OrigLoc 0.07 0.14 0.46 -0.08 0.32 2.22 0.53 

  FixedTypeTilt 0.07 0.14 0.49 -0.07 0.30 2.06 0.60 

  FixedTypeTiltPower 0.08 0.14 0.59 -0.06 0.30 2.08 0.60 

  MinBD 0.08 0.14 0.55 -0.06 0.29 2.02 0.64 

  MaxBD 0.05 0.14 0.34 -0.10 0.30 2.05 0.48 

  FreeSpaceProp 1.29 0.14 8.91 1.14 0.72 4.99 0.34 

  NearestAnt             -0.55 

UMTS Optimal 0.06 0.04 1.47 0.02 0.11 2.66 0.85 

  OrigLoc 0.06 0.04 1.36 0.02 0.10 2.40 0.83 

  FixedTypeTilt 0.05 0.04 1.28 0.01 0.10 2.40 0.81 

  FixedTypeTiltPower 0.04 0.04 0.85 -0.01 0.07 1.63 0.82 

  MinBD 0.08 0.04 1.91 0.04 0.12 2.76 0.80 

  MaxBD 0.05 0.04 1.27 0.01 0.11 2.65 0.81 

  FreeSpaceProp 0.83 0.04 19.58 0.79 0.66 15.57 0.46 

  NearestAnt             -0.68 

Total Optimal 0.23 0.40 0.58 -0.17 0.49 1.23 0.69 

  OrigLoc 0.22 0.40 0.54 -0.18 0.52 1.31 0.61 

  FixedTypeTilt 0.24 0.40 0.60 -0.16 0.49 1.23 0.68 

  FixedTypeTiltPower 1.13 0.40 2.83 0.73 5.43 13.64 0.66 

  MinBD 0.28 0.40 0.71 -0.12 0.49 1.24 0.64 

  MaxBD 0.20 0.40 0.51 -0.19 0.49 1.24 0.67 

  FreeSpaceProp 3.34 0.40 8.39 2.94 1.82 4.58 0.09 

  NearestAnt             -0.50 

aOptimal = improved antenna locations, OrigAntLoc = uncorrected locations of antennas, FixedTypeTilt= antennas 

set to a fixed type and down-tilt, FixedTypeTiltPower = antennas set to a fixed type, down-tilt and power, MinBD 

= minimum building damping, MaxBD = maximum building damping, FreeSpaceProp = free space propagation 

radio wave propagation algorithm, NearestAnt = distance to nearest base station as indicator for exposure.  
bRatio = Mean Model / Mean Measurement, Bias = Mean model  - Mean measurement, Precision = standard 

deviation of the differences between individual measured and modelled values, CV = Precision / Mean 

measurement, ρs = Spearman’s rank correlation 
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Figure 1 shows an example profile plot for area 4 using the ‘Optimal’, ‘FreeSpaceProp’ and 

‘NearestAnt’ model, with the measured value as a reference. The figure shows a large 

overestimation of the RF-EMF using the ‘FreeSpaceProp’ model, with little contrast, 

whereas the nearest distance calculation resulted in a larger contrast between 

observations and a negative correlation with measured values. 

 
Figure 1: Comparison between the profiles of the total downlink RF-EMF using measurements, optimal model 

and free space propagation (left y-axis), and the distance to the nearest antenna (right y-axis), plotted for area 4. 

Note that the distance to nearest antenna has an inverse relationship with the measured RF-EMF. 

Discussion 

We found little differences in model performance when including all antenna information 

in the input data, and when using only basic antenna data (no information on antenna tilt, 

type and power). An improved location estimate of the antenna did slightly improve 

model performance. Changing the building damping parameters to very high or very low 

values had little impact on the results. Conversely, neglecting building obstruction using 

free space propagation resulted in poor model performance and a large model 

overestimation. Surprisingly, the simple exposure proxy ‘NearestAnt’ had a moderate 

negative correlation with total RF-EMF. 
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The major strength of this study is the availability of accurate 3D-building data and 

detailed antenna information for the whole city of Amsterdam, enabling us to assess 

model sensitivity for a wide range of input parameters. A second strength is our 

measurement methodology. The mobile monitoring approach captured the high spatial 

variability in RF-EMF, and we obtained a daytime average RF-EMF by taking the median of 

16 repeat measurements at different times of day.  

One of the limitations of the study is that we performed all measurements outdoors at 

street level, in a flat urban environment. As such, one should be careful in extrapolating 

the results to other environments. For example, in rural areas there might be more 

variability in antenna type, or typical down-tilt values could be lower. Using 

unrepresentative fixed values, or fixed values for parameters with high variability, could 

have a larger effect on model performance than reported in this study. Furthermore, 

indoor model performance, essential for estimating personal exposure, might be more 

sensitive to errors in building damping parameters or the spatial accuracy of the 3D-

building data. Also, at the top floors of buildings, small errors in antenna tilt and type 

might have a larger effect as higher elevations are typically closer to the main lobe of 

surrounding antennas. Even though errors in these building and antenna input data 

parameters could be more detrimental to indoor model accuracy, we do not expect them 

to invalidate NISMap. A previous indoor validation study showed similar performance for 

indoor as for outdoor modelling (Bürgi et al. 2010). 

We did not check for differences in model performance when using less accurate building 

data, as might be available in other countries. Another potential source of model error is 

the digital terrain model (DTM). However, as our study area has little elevation 

differences, lowering the quality of the DTM had no impact on model performance (data 

not shown). For hilly or mountainous environments, we expect that the quality of the DTM 

can strongly affect model reliability.  

Previous studies differed considerably in the quality and availability of model input data, 

and the applied radio wave propagation algorithm. Anglesio et al. (2001) used a free space 

propagation algorithm without building obstruction, and their model overestimated the 

RF-EMF with a factor of 3 to 10, similar to what we observed in our calculation. The 

Geomorf model (Briggs et al. 2012) used an empirical transmission factor derived from 

land cover data, with a Spearman correlation of 0.66 comparing modelled RF-EMF with 

spot measurements (Elliott et al. 2010). Bürgi et al. (2008) validated NISMap, for both a 

rural and urban environment in Switzerland. In the urban environment, detailed 3D 

building data were available and they found a Pearson correlation of 0.76 for GSM900 and 
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0.63 for GSM1800 compared with spot measurements. UMTS networks were not yet in 

steady operation in the urban model evaluation. In the rural environment, 3D building 

data was not readily available and extracted using 2D-building geometry and an 

approximation of the number of floors per building. The Pearson correlation was 0.86 for 

GSM900, 0.70 for GSM1800 and 0.66 for UMTS. Bürgi et al. (2010) also tested NISMap for 

an indoor and outdoor (street) measurement dataset, using different models and input 

data quality (varying building damping parameters, radio wave propagation algorithms, 

antenna duty factor and vertical tilts). They computed the total RF-EMF from all radio 

services in the frequency range of 87.5 MHz (FM radio) to 2170 MHz (UMTS downlink). 

The input data included both high quality antenna data and 3D-building geometry. The 

Spearman correlations for all models that considered shielding by buildings was stable, 

between 0.62 and 0.65. When neglecting building damping, the Spearman correlation 

decreased to 0.50. These results are in line with our finding that changes in building 

damping, vertical antenna tilt and radio wave propagation model do not have a large 

impact on the overall correlation, but neglecting building obstruction does. 

We obtained a moderate Spearman correlation of -0.50 using the distance to the nearest 

antenna (‘NearestAnt’) approach (i.e. the larger the distance the lower the RF-EMF), 

distinctly better than the free space propagation model (‘FreeSpaceProp’). A possible 

explanation could be that in the urban environment assessed here, it is much more likely 

to encounter non-line of sight conditions (and thus having a significantly lower RF-EMF) 

with increasing distance from the antenna. In line with this observation, Bürgi et al. (2010) 

found a Spearman correlation of 0.50 between inverse distance to antenna and outdoor 

measurements, but the correlation decreased to 0.18 for their indoor measurements at 

higher elevations, when the chance of being in line of sight conditions at a greater 

distance of the antenna is larger. We therefore strongly recommend to use 3D radio wave 

propagation modelling, which considers building obstruction, instead of the basic distance 

proxy.  

We found only minor changes in model performance when using fixed antenna types and 

down-tilt, which could be explained by the small differences between the antenna types 

(data not shown) and the down-tilt values (median of 5°, interquartile range between 4° 

and 6°). When using fixed power levels (set to the median of 27 dBW, interquartile range 

between 25.6 dBW and 29.0 dBW), the Spearman correlation was not strongly affected. 

We did find a large decrease in precision for GSM900 and subsequently for the total RF-

EMF, as changing all power levels to 27 dBW effectively sets microcells (with a power level 

~5 dBW) to emit power levels of regular antennas covering larger areas. The results for 

GSM1800 and UMTS were not affected, as there were no nearby UMTS and GSM1800 



Input data needed to model EMF from base stations 

 

97 

microcells in our measurement areas. Thus when no information on the power level is 

available, it is feasible to model the exposure if microcells and femtocells can be 

distinguished from the macro cells.   

Interestingly, we found somewhat lower Spearman correlations for GSM1800 (~0.6) than 

for GSM900/UMTS (>0.8). We suspect that the crosstalk of the measurement devices for 

the GSM1800 downlink band (Spearman correlation of 0.62 between GSM1800 uplink and 

downlink bands, and 0.46 between the GSM1800 downlink and DECT band) contributed to 

this lower correlation. Still, the CV of the optimal model for UMTS was 2.66 and GSM1800 

2.02, whereas GSM900 had a CV of 1.68. Thus the relative accuracy of the model 

predictions to the measurements was actually better for GSM1800 than for UMTS, and 

best for GSM900. The superior accuracy for GSM900 might be explained by generally 

larger vertical beam widths for GSM900 antennas. As the vertical beams for GSM1800 and 

UMTS antennas are typically about half as wide as for GSM900 antennas, the modelled 

GSM1800 and UMTS RF-EMF are more sensitive to errors in tilt, width and position of the 

antennas’ main beam. Furthermore, interaction of radio waves with obstacles, in 

particular refraction and reflection, might affect the longer 900 MHz radio waves 

differently than the shorter GSM1800 and UMTS radio waves. However, this is very 

difficult to predict given the input data requirements and is therefore not considered in 

NISMap. The relatively high Spearman correlation for UMTS as compared to GSM1800 can 

partly be attributed to one measurement area with no nearby UMTS antennas, resulting in 

an area with only very low modelled and measured RF-EMF. As we computed the 

Spearman correlation using the observations over all areas, the observations in the area 

with no UMTS antenna were easy to rank and increased the contrast, and thereby the 

correlation. When excluding this measurement area, the UMTS Spearman correlation 

dropped from 0.85 to 0.72. For these reasons, we suspect that GSM1800 and UMTS model 

accuracy are more or less similar when using NISMap, and rely in part on the specific 

antenna and geospatial layout. 

The results of this study apply to the current network architecture for mobile 

communication, consisting mainly of macro cells, with high power base stations mounted 

on rooftops or separate towers and, depending on the population density and network 

traffic, covering areas of several acres to a few square kilometres. Future mobile 

communication networks will use new technologies like LTE (Long Term Evolution) and 

additional frequency bands (e.g., in the 800 and 2600 MHz range). As network traffic 

increases, the cell sizes will shrink and additional small cells will be added at hot spots with 

high traffic. This change will affect the data and model requirements for predicting RF-

EMF from mobile networks in the future. 
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We conclude that 3D radio wave propagation modelling offers a reliable way to rank 

outdoor RF-EMF exposure levels from mobile phone base stations in epidemiological 

studies, under the current network architecture. One should be careful in interpreting the 

absolute values, as the modelled RF-EMF levels can easily be a few factors off from the 

true value. Detailed information on antenna power, vertical tilt and type are useful, but 

not a necessity for valid model output when most antennas have similar parameters. The 

minimum data requirements are information on antenna height, location, direction and 

frequency, as well as a box model of 3D building data. 
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Abstract 

Background: 

With the increased availability of spatial data and computing power, spatial prediction 

approaches have become a standard tool for exposure assessment in environmental 

epidemiology. However, such models are largely dependent on accurate input data. 

Uncertainties in the input data can therefore have a large effect on model predictions, but 

are rarely quantified.  

Methods: 

With Monte Carlo simulation we assessed the effect of input uncertainty on the prediction 

of radio-frequency electromagnetic field (RF-EMF) from mobile phone base stations at 252 

receptor sites in Amsterdam, The Netherlands. The impact on ranking and classification 

was determined by computing the Spearman correlations and weighted Cohen’s Kappas 

(based on tertiles of the RF-EMF exposure distribution) between the modelled values and 

RF-EMF measurements performed at the receptor sites.  

Results: 

The uncertainty in modelled RF-EMF levels was large with a median coefficient of variation 

of 1.5. Uncertainty in receptor site height, building damping and building height 

contributed most to model output uncertainty. For exposure ranking and classification, 

the heights of buildings and receptor sites were the most important sources of 

uncertainty, followed by building damping, antenna- and site location. Uncertainty in 

antenna power, tilt, height and direction had a smaller impact on model performance. 

Conclusions: 

We quantified the effect of input data uncertainty on the prediction accuracy of an RF-

EMF environmental exposure model, thereby identifying the most important sources of 

uncertainty and estimating the total uncertainty stemming from potential errors in the 

input data. This approach can be used to optimize the model and better interpret model 

output. 
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Introduction 

An important part of epidemiological studies is the exposure assessment of the population 

to environmental pollutant(s). Traditionally, routine and purpose-designed monitoring 

have been used to determine exposure levels (Briggs et al. 2009), but with the increase in 

geographical data and modelling techniques, it has become feasible to assess exposure for 

large populations using spatial prediction models. Examples can be found in the modelling 

of air pollution (Beelen et al. 2013; Jerrett et al. 2005), noise (Gan et al. 2012; Murphy et 

al. 2009) and radio frequency electromagnetic fields (RF-EMF) (Beekhuizen et al. 2013; 

Bürgi et al. 2008).  

However, even the most advanced models are by definition simplified representations of 

reality and cannot predict true exposure levels with 100% accuracy and precision. Spatial 

exposure models consider the source of the pollutant and surroundings to determine the 

strength and propagation of the exposure through the environment. These models need 

accurate geographical as well as source-related input data, as uncertainty in the inputs can 

have a large effect on the predictions (Jacquemin et al. 2013; McIntyre et al. 2002; Ramsey 

2009). For an overview of uncertainty analysis methods in exposure and risk assessment, 

we refer to review papers by (Briggs et al. 2009; Ramsey 2009) and more recently (Mesa-

Frias et al. 2013). 

Even though the effect of uncertainty in exposure modelling is recognized by the research 

community as an important issue (Briggs et al. 2009), uncertainty analyses are rarely 

applied in environmental epidemiological studies. Uncertainty in environmental exposure 

models can be assessed with Monte Carlo simulation (Hammersley and Handscomb 1964). 

In Monte Carlo simulation, the uncertainty in model outputs (i.e. the exposure estimates) 

is derived by repeatedly sampling from probability distributions of the model inputs. 

Monte Carlo simulation is easy to implement, applicable to a wide range of models and 

results in an entire probability distribution of the model output (Heuvelink 1998).  

There is a need for accurate exposure assessment of RF-EMF from mobile phone base 

stations for epidemiological studies (HPA 2012; IARC 2013), as crude proxies of exposure 

are not sufficient to prove or dismiss associations between RF-EMF and health effects. The 

input data requirements for RF-EMF prediction models are demanding, as detailed data on 

all mobile phone base stations and buildings in the study area are essential inputs. 

Furthermore, as RF-EMF levels can change rapidly at distances less than a few meters, 

accurate positional information of the receptor site (e.g. the bedroom of participants in an 

epidemiological study) is needed. Therefore, errors in input data of RF-EMF models and 
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receptor locations can greatly affect model accuracy. As we do not know the actual error, 

we assessed the uncertainty in RF-EMF modelling. It is important to make this distinction, 

as error and uncertainty are often used interchangeably. Error is the difference between 

the true value and the modelled value, while uncertainty is the acknowledgement of error 

by characterising the range of values within which the true value is asserted to lie 

(Heuvelink et al. 2007).  

We computed the total uncertainty in RF-EMF modelling caused by uncertainty in model 

inputs using Monte Carlo simulation, and assessed which inputs have the largest influence 

on the model’s ability to classify exposure by comparing model predictions with 

measurements performed in Amsterdam, The Netherlands. The uncertainty analysis 

identifies input data sources that should be prioritized for improving model performance 

and the total prediction uncertainty caused by model inputs, indicating the reliability and 

potential range of RF-EMF levels at all receptor sites. 

Methods 

Model description 

We applied the NISMap model (Bürgi et al. 2008) to predict total downlink RF-EMF 

exposure from mobile phone base stations. NISMap has been used previously in studies in 

Switzerland and The Netherlands (Beekhuizen et al. 2013; Beekhuizen et al. 2014A; Bürgi 

et al. 2010) and we refer to these studies for a detailed model description. In short, 

NISMap is a spatial radio wave propagation model that calculates the spread of radio 

waves from antennas in 3D space. NISMap considers the properties of the source of radio 

waves (antenna location, height, direction, tilt, output power and pattern), terrain height, 

the (simplified) physics of the radio wave propagation (using a radio wave propagation 

algorithm, such as the Double Powerlaw (ITU 2009)) and damping and diffraction of the 

wave by buildings.  

Input data and validation measurements 

We studied uncertainty in RF-EMF modelling for the urban area of Amsterdam, The 

Netherlands, using measurement and input data from an indoor model validation study 

(Beekhuizen et al. 2014A). Antenna data were obtained from the three Dutch mobile 

phone network operators, 3D building data from Eurosense (Wemmel, Belgium) and the 

Dutch national Digital Terrain Model (DTM) (Actueel Hoogtebestand Nederland, AHN2). 

The total downlink RF-EMF from mobile phone base stations was measured with an EME-
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SPY 140 device (SATIMO, France). We collected 15-minute spot measurements in 263 

rooms in 101 primary schools and 30 private homes in Amsterdam. We left 11 sites out of 

the analysis as they were located at the outer edge of the city, which was not completely 

surrounded by the original Amsterdam building data for which we built an uncertainty 

model.  

Monte Carlo Uncertainty propagation analysis 

The first step in a Monte Carlo analysis is determining the probability distribution function 

(PDF) of the model inputs. Next, the model is run for N samples randomly drawn from 

these PDFs. Finally, the model uncertainty can be inferred from the statistical evaluation 

and visualisation of the simulated model outputs. The minimum number of necessary 

model runs was determined by plotting the standard deviations of a batch of N 

simulations at each site against the standard deviations of a second batch with as many 

model runs. If the resulting uncertainties at each site for one batch of model runs are 

similar to those of the second, the graph will show a high correlation, indicating that a 

sufficiently large number of model runs has been used (Nol et al. 2010). For N=200 

simulations, we found an acceptable R
2
 of 0.96 between the two sets. The appendix shows 

a scatterplot of the standard deviations of both sets. 

Uncertainty in RF-EMF model inputs 

To quantify uncertainty in input parameters we used (i) reference data to assess errors in 

the data, (ii) information on uncertainty in the antenna input parameters obtained 

through consultation with an expert on network planning and an expert on network 

optimization from one of the Dutch network providers (July 2013), (iii) information on all 

uncertainty PDFs obtained through consultation at an expert elicitation meeting with 

Alfred Bürgi (August 2013), the developer of NISMap and an expert on its properties and 

inputs. The following uncertainty sources and PDFs were selected: 

 

Building height 

The uncertainty in building height was estimated by computing differences between 

heights in the Eurosense building data set with heights from an unfiltered version of the 

high-resolution (0.5 by 0.5 m) DTM (AHN2) for three 1x1 km
2
 areas in Amsterdam, 

containing over 900 buildings. The errors were truncated at -5 and 5 m (2.3% of the 

errors), as errors > 5 m are likely caused by temporal changes in building data between 

AHN2 and Eurosense, and thus do not indicate the height error in our building dataset. 

Figure 1 shows the obtained empirical error distribution, from which we sampled building 

height errors. If the simulated building height was smaller than 2 m, we set the building 
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height to 2 m (the minimum realistic building height). We assumed that errors in building 

height are spatially correlated; i.e. we decided that it is unrealistic to raise one building 

and lower a neighbouring building with the same height and building age. We therefore 

created building clusters based on building height, age and proximity to other buildings 

using the ArcGIS 10.2 Grouping Analysis tool. Each building cluster is a group of buildings 

that have been built in a similar time period, have a similar height and are located nearby 

each other. There were on average 20 buildings per cluster, but (depending on the cluster-

criteria) the cluster size could range from a few to hundreds of buildings.  

 

 
Figure 1: Differences between building heights from a reference height data set (AHN2) and the building height 

dataset used in our modelling (Eurosense), for a total of ~ 900 buildings in three 1x1 km2 areas in Amsterdam, 

the Netherlands. The black striped lines show the 2.5 and 97.5 percentiles [-2.51 m; 2.98 m]. 

 

Building damping 

The degree of building damping can be set to different values for wall, roof and inside. As 

the damping factor is dependent on many factors, such as wall material, thickness, and 

incidence angle of the radio wave, the damping differs for each building. However, 

NISMap has the limitation that damping factors can only be set to one value for all 

buildings, restricting the simulation of damping values. Typical Dutch home and school 

buildings are mostly made from bricks, thus we based our damping parameters on values 

for bricks (BUWAL 2002). With the exception of high-performance heat-insulating 

windows, normal windows are virtually transparent for RF-EMF. Therefore, the actual 
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damping of walls can be distinctly smaller; if the antenna is in direct line of sight of a room 

with a large window, then there is little building damping. There is less variation for roof 

damping as there are typically no windows on the roof. The inside damping factor is used 

to predict the damping of the radio waves due to obstacles indoors, such as inside walls 

and furniture, and can therefore greatly vary between buildings. We chose a normal 

distribution for the three damping parameters. The mean damping factors were set to the 

following values as used in (Beekhuizen et al. 2014A):  

Wall damping: mean (µ) 4.5 dB, standard deviation (σ) 2 dB, and a lower limit of 0.1 dB 

Roof damping: µ = 4.5 dB, σ = 1 dB, lower limit = 2.5 dB 

Inside damping: µ =0.6 dB/m, σ = 0.15 dB/m, lower limit of 0.1 dB/m 

 

Antenna location 

In general, a mobile phone base station contains three antennas, covering sectors of 120 

degrees. The antennas can be positioned at the base station, but also at a nearby location 

to avoid obstacles, such as the edge of a roof. In cities, the majority of antennas are 

located on the rooftop of a building, sometimes on a large mast separate from a building. 

As the sampling of potential antenna positions differs for rooftop or mast locations, we 

created two different sampling methods. 

 

Antenna on building 

We checked the accuracy of 132 antenna locations on top of buildings in a previous 

NISMap validation study (Beekhuizen et al. 2013), and found that the mean absolute 

positional error was 14 m, with a maximum error of 65 m. Part of these errors are a result 

of the way the network providers record the antenna position (by x- and y-coordinates of 

the base station), whereas in reality many antennas are placed on the edge of the roof. 

For large buildings, this can easily result in a displacement of tens of meters. Thus we 

distinguished between two types of locations on a building: at the edge of the roof or at 

the base station. From our expert consultation with the network provider, we established 

that in large cities about 80% of the antennas are placed at the edge of the roof. In order 

to simulate realistic antenna locations, we created a suitability grid (with cells of 1.5 x 1.5 

m) for each building with an antenna. This grid contained weight values representing the 

probability that the antenna is placed at that location, calculated from the distance from 

the original location. The main sampling criterion was therefore proximity to original 

location; the closer the potential location to the original location, the more likely this 

location was sampled. Based on a previous accuracy check, we used a linearly decreasing 

probability function for the distance criterion, with a maximum distance of 100 m for 

antennas at the edge of the building and 15 m for antennas located at the base station. 
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Furthermore, sampling for antennas at the edge of the roof was restricted based on the 

direction of the antenna beam with the roof; only locations where the antenna points 

away from the building were included as potential true locations in the suitability grid. 

Figure 2 shows three (out of the N = 200) sampled locations of three antennas. In two out 

of the three simulations, antennas are placed at the edge of the building, whereas in one 

simulation (the blue arrows) the three antennas are placed at the same spot, indicating 

that the antennas are located at a newly sampled base station location.  

 
Figure 2: Three sets of simulated antenna locations. Arrows represent the antenna direction. The black antennas 

are the original antenna locations, the blue antennas (2) a sample where the antennas remain at a base station 

location, whereas the red (1) and green (3) antennas are sampled positions at the edge of the rooftop. 

Antenna on a mast separate from a building 

Locations for antennas on a mast separate from a building were obtained by sampling an x 

and y coordinate from the normal distribution, with σ = 3 m and a mean value of the 

original location. The sampled location was accepted if it was placed more than 2 m away 

from a building, if not, a new sample was drawn. 

 

Antenna tilt 

The antenna down tilt can be mechanical, electrical, or both. The mechanical tilt is set 

manually and is therefore less accurately installed than electrical tilts. Based on the 
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consultation with a network provider, we selected a normal distribution for the associated 

PDFs with the following parameters: 

Mechanical tilt: µ = original tilt, σ = 0.5 degrees. 

Electrical tilt: µ = original tilt, σ = 0.2 degrees. 

 

Antenna direction 

The direction of the antenna is set very accurately, thus potential error in the antenna 

direction is small. 

PDF: normal distribution, µ = original direction, σ = 1 degree. 

 

Antenna power 

The network providers use effective radiated power (ERP) to indicate antenna power, 

which is the maximum power that the antenna can emit. The ERP is determined by the 

number of carriers; depending on the need for capacity, antennas can have between two 

to four or even more carriers. The emitted power is difficult to model accurately, as the 

power largely depends on the varying network traffic. Furthermore, the network traffic 

affects the output power differently for the two major mobile phone communication 

services, GSM and UMTS. To convert ERP to actual average emitted power, NISMap 

multiplies the ERP with a so-called duty factor, which resembles the average network 

traffic for different time periods (i.e. day, night or 24 h) and number of carriers. Based on 

expert elicitation, we used a normal distribution for the PDFs of the antenna power, 

independent of the number of carriers:  

UMTS: σ = 0.25 * ERP, µ = original output power 

GSM: σ = 0.25 * ERP, µ = original output power 

These PDFs mainly reflect uncertainty in the duty-factor. 

 

Antenna height 

The height is accurately determined by the network providers. 

PDF: Normal distribution, µ = original antenna height, σ = 0.5 m. 

 

Site location (x, y) 

The receptor site locations were obtained by hand-digitizing the position based on aerial 

imagery (Aerodata, Breda, The Netherlands) in Google Earth in combination with cadastral 

data with high spatial accuracy. However, in epidemiological studies, the receptor site 

location (e.g. bedroom of study participants) is often determined by geocoding. We 

therefore based the PDF on potential errors when using standard geocoding. In The 

Netherlands there are accurate geocoding techniques available that use cadastral data, 
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where the geocoded locations are placed within the outline of the home. Based on the 

average width and depth of a Dutch home, the true location can then be a few meters off. 

PDF: uniform distribution of +/- 4 m from the original location. 

The sampled locations were constrained to be within the building. 

 

Site height (z) 

As RF-EMF levels vary both in the horizontal plane (x, y coordinates) as well as in the 

vertical plane (z coordinate), NISMap has been developed to predict RF-EMF levels at any 

given height. For our receptor sites, the height was based on the total number of floors 

and the floor at which the measurement was taken. Combined with information on 

building height, we estimated the height of the receptor site above ground (Beekhuizen et 

al. 2014A). Based on potential error in the number of floors and building height, we chose 

the following PDF:  

PDF:  normal distribution, µ = original height, σ = 1.5 m.  

Thus 95% of all sampled receptor heights are within 3 m of the original height, 

corresponding to +/- one floor. The sampled heights were constrained to be within the 

building. 

 

Data treatment and analysis 

NISMap was run for each uncertain input parameter separately and for all uncertainty 

sources combined. We quantified the impact of input uncertainty on predicted RF-EMF 

values by computing the standard deviation and coefficient of variation (CV = standard 

deviation / mean modelled) of the 200 simulations per site. Furthermore, we computed 

the Spearman correlation and the Kappa coefficient between simulated model runs and 

the measured value to assess which uncertain inputs had the strongest effect on the 

model’s ability to classify exposure. The spread of the Spearman correlations and Kappa 

coefficients between the 200 simulations per uncertainty source was computed with the 

ratio of the 97.5 and 2.5 percentile (fold change, FC). The FC thus indicates the range 

within 95% of the empirical distribution of the data lies. All RF-EMF values were expressed 

and calculated in power density (mW/m
2
). We used ArcGIS 10.2 (Esri Redlands, CA, USA) in 

combination with Python (van Rossum and Drake 2001) for building the PDFs, sampling 

the input data sets and running the model in batch processing. R (R Development Core 

Team 2011) was used to analyse the results.   
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Results 

Impact of uncertainty on modelled RF-EMF levels 

Figure 3 shows the standard deviations in predicted total downlink RF-EMF per receptor 

site (N = 252) over all simulations (N = 200), for each individual uncertainty source and all 

sources combined. When including all uncertainty sources (All), variation per receptor site 

was substantial (median CV = 1.45, interquartile range CV = 1.02 – 2.02). The largest 

contributions were uncertainty in the height above ground of the receptor site (SiteZ), 

building damping (BD) and building height (BH), with a mean σ of 0.029, 0.028 and 0.025 

mW/m
2
, respectively. Next, uncertainty in the site location (SiteXY) and antenna location 

were important sources of potential error, both with a mean σ of 0.016 mW/m
2
. Antenna 

power, tilt, height and direction were minor sources of uncertainty, with a mean σ < 0.008 

mW/m
2
. 

Figure 3: Boxplots of the standard deviations at receptor sites over the modelled RF-EMF (in mW/m2), for each of 

the uncertainty sources and all sources combined (AntTilt = Antenna Tilt, AntDir = Antenna Direction, AntHeight 

= Antenna Height, AntPow = Antenna Power, SiteXY = Site location, AntLoc = Antenna Location, BH = Building 

Height, BD = Building Damping, SiteZ = Site Height). 

Figure 4 shows, for each receptor site and ordered by measured RF-EMF levels, the 

simulated NISMap values when including all uncertainty sources in the model 

computation. The variation in simulated RF-EMFs between and within sites differs greatly. 

In general, the Monte Carlo model predictions were low and could be a few times larger 
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or smaller than measured RF-EMF levels. The median of the measured RF-EMF levels was 

0.0049 mW/m
2
, with an interquartile range of 0.0016 – 0.025 mW/m

2
. 

Figure 4: Distribution of modelled RF-EMF values when including all uncertain inputs in the uncertainty analysis, 

ordered on measured indoor RF-EMF levels (N=252). The black dots represent measured (meas.) values and the 

grey crosses the model simulations. 

Figure 5 shows the contribution of the six major uncertainty sources for 10 out of the 252 

receptor sites. The size of each circle is scaled based on total uncertainty. Even at very 

small distances between receptor sites, the total uncertainty and most important 

uncertainty sources can vary distinctively.  
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Figure 5: Map showing the contributions of six major uncertainty sources for 10 receptor sites (grey crosses). The 

radius of each chart represents the relative total uncertainty. 

Effect of uncertainty on exposure ranking 

Figure 6 shows the Spearman correlations between all simulated sets of RF-EMF and the 

measurements, for each uncertainty source and all sources combined.  

For some uncertainty sources, the Spearman correlations are lowered. This is especially 

true for the antenna locations, as it is difficult to sample realistic alternative locations. On 

average, a sampled antenna location will be slightly worse than the original location as 

sometimes unrealistic locations can be drawn (e.g. when directly blocked by an opposite 

building). The likelihood for sampling a worse location is therefore higher than for 

sampling a better location, resulting in a decrease in the Spearman correlation. Other 

sources, such as building height, contain simulations with a higher Spearman correlation 

than the default model, thus the sampling of building height datasets can result in more 

accurate input parameters and as a result in better model performance. A decrease in 

Spearman correlations indicates that simulated input samples are less realistic than the 

original input values, and that the model is sensitive to changes in this input parameter.  
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The absolute variation in Spearman correlations is dependent on the number of receptor 

sites and as such not informative. However, the relative differences in variation of the 

Spearman correlations between uncertainty sources are informative, as a larger spread 

indicates more variation in the model’s exposure ranking caused by uncertainty in the 

input. We therefore ordered the model inputs on the fold change (FC) of the 97.5 and 2.5 

percentile of the Spearman correlations.  

For the Spearman correlation, the building height (BH) was the most influential 

uncertainty source (FC = 1.08), followed by site height (SiteZ, FC = 1.06), site location 

(SiteXY, FC = 1.05) and antenna location (AntLoc, FC = 1.05). The building damping and 

antenna power were less important, with FC = 1.04 and FC = 1.02, respectively. 

Uncertainties in antenna tilt and direction hardly affected the Spearman correlation. 

 
Figure 6: Boxplots of the Spearman correlations between simulated sets of RF-EMF (N = 200) and measured RF-

EMF, for each modelled uncertainty source and all sources combined (AntDir = Antenna Direction, AntTilt = 

Antenna Tilt, AntHeight = Antenna Height, AntPow = Antenna Power, BD = Building Damping, AntLoc = Antenna 

Location, SiteXY = Site location, SiteZ = Site Height, BH = Building Height). 

Figure 7 shows a similar plot for the weighted Cohen’s Kappa values. Building height, 

receptor site height, antenna location and building damping were the major sources of 

uncertainty, with an FC of 1.18, 1.17, 1.15 and 1.14 respectively. The FCs of the site 

location (FC = 1.13), antenna height (FC = 1.10) and power (FC = 1.07) were lower. The 

antenna direction and tilt had a negligible impact on the classification. 
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Figure 7: Boxplots of the weighted kappa (based on tertiles, with 50% agreement between adjacent categories) 

of simulated sets of RF-EMF levels and measured RF-EMF, for each modelled uncertainty source and all sources 

combined (AntTilt = Antenna Tilt, AntDir = Antenna Direction, AntHeight = Antenna Height, AntPow = Antenna 

Power, SiteXY = Site location, BD = Building Damping, AntLoc = Antenna Location, SiteZ = Site Height, BH = 

Building Height). 

Discussion 

Using Monte Carlo uncertainty propagation analysis, we computed the uncertainty in the 

prediction of RF-EMF from mobile phone base stations due to uncertainty in nine 

important model inputs. The largest uncertainties come from those inputs that influence 

whether there is an unblocked line-of-sight between antenna and receptor site, and that 

can have an error of a few meters or more (antenna location, building height and receptor 

site x, y, z location). The dependence of the modelled RF-EMF on transmitter power and 

damping factors is of lesser influence for ranking. The smallest uncertainty sources are the 

transmission directions (antenna tilt, height and direction). 

Even though this was the first study that analysed uncertainty sources in RF-EMF 

modelling in such detail, previous studies have performed sensitivity analyses on the 

effect of input data quality on model performance. Bürgi et al. (2010) tested the effect of 

different inputs and NISMap model settings on the prediction of total RF-EMF from mobile 

phone base stations and radio- and TV transmitters. Their findings are in agreement with 

ours, as they report that height above ground of the receptor site, building data geometry 

and antenna locations were major sources of uncertainty. We have previously assessed 
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the effect of different inputs on the performance of NISMap for predicting outdoor 

exposure from mobile phone base stations and found similar results as obtained in our 

current study; i.e. improving the antenna location had a larger impact on ranking than 

changes in building damping and antenna output power and tilt, even though the building 

damping and antenna power did greatly affect predicted RF-EMF levels (Beekhuizen et al. 

2014B). 

One of the strengths of our model is the availability of high quality and detailed antenna 

and building data for the whole city of Amsterdam, as well as an extensive measurement 

data set (N = 252) taken at indoor locations spread over the city. Furthermore, we created 

PDFs and sampling methods for nine model inputs, based on reference data and other 

information obtained through expert consultation. 

The most important limitation is that we did not include model (or structural) uncertainty, 

which can contribute substantially to uncertainty in model predictions (Brown 2010). For 

example, NISMap does not account for reflections or vegetation. NISMap is also unable to 

consider different building factors within one building data set, which greatly decreases 

the impact of building damping on classification performance as there is no within-

variation of damping factors in the building datasets. Thus the effect of uncertainty in 

building damping on exposure classification will be larger in a model that considers unique 

damping factors per building. Furthermore, we assumed independence between input 

errors, whereas in reality some inputs are correlated; e.g. a change in building height will 

likely affect the PDF of the antenna tilt. Ideally, one would obtain the joint probability 

density functions with the accompanying correlation structures (Heuvelink 1998), but this 

was beyond the scope of this study. Also, we did not include uncertainty resulting from 

data omission or commission, caused by differences between data collection periods and 

the date for which to assess exposure. For example, a building could have been 

demolished, or a new antenna could have been added. The measurements were limited in 

temporal coverage, as we performed no repeat measurements. We therefore could not 

determine uncertainty in RF-EMF modelling due to changes in communication traffic. In a 

previous study (Beekhuizen et al. 2013), we assessed temporal variation with 16 repeat 

measurement series over a period of nine months, at different times of day and in six 

urban areas. We found that only about 1% of the variation in measured RF-EMF was 

explained by measurement day, much more important were differences between and 

within area. Finally, we did not consider uncertainty in all model inputs, of which the most 

notable exclusions were antenna pattern and Digital Terrain Model (DTM). The antenna 

pattern was not included, as we found previously that changing the antenna pattern to a 

default pattern has little impact on the predicted field strengths (Beekhuizen et al. 2014B). 
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Uncertainty in the DTM was not analysed, as there are only minor differences in terrain 

height in Amsterdam. 

It is important to note that the results of the uncertainty analysis were based on 

uncertainties in Dutch input data sets, and one therefore has to be careful in extrapolating 

the results to other studies. For example, the antenna location may be collected with a 

higher spatial accuracy in another dataset, whereas the building data may be less 

accurate, resulting in different PDFs and subsequently different contributions per 

uncertainty source. Furthermore, as we found that both building and receptor site heights 

were major uncertainty sources, uncertainty in the terrain height (DTM) would be 

important to consider in hilly or mountainous areas. Even though the exact contribution of 

uncertainty sources to the total uncertainty cannot be judged for other datasets, our 

results identify the most likely sources of errors. Furthermore, the uncertainty analysis 

method presented can easily be adjusted for RF-EMF modelling in other areas, or applied 

to other fields of environmental modelling.  

One could consider using Monte Carlo simulation to improve the accuracy of model 

predictions by taking the average predicted value over all simulated outputs. Our mean 

model predictions had the same accuracy (Spearman R = 0.72) as using the original 

(default) model inputs though, as the PDFs of the model inputs were set to vary 

symmetrically around the original value. 

The different model outputs (i.e. exposure levels) generated by Monte Carlo simulation 

can be used as inputs for computing risk estimates in epidemiological studies. The 

considerable uncertainty observed in predicted RF-EMF levels would be expected to 

induce exposure misclassification, which in turn could cause loss of power and attenuation 

of risk estimates. In addition, uncertainty analyses such as presented here could be used in 

sensitivity analyses by removing sites with a large absolute uncertainty (the variation 

between simulated values) or relative uncertainty (the variation divided by the mean 

modelled value) from the epidemiological analysis. This may reduce exposure contrast in a 

study if absolute and/or relative uncertainty is correlated with exposure levels. We did not 

find any improvement in our classification performance by removing sites with either high 

absolute or relative uncertainty, as both the absolute (higher for higher modelled values) 

and relative (higher for lower modelled values) uncertainty were correlated with exposure 

levels (Pearson R = 0.88 for absolute and -0.52 for relative uncertainty). 

Spatial exposure models have become an integral part of many environmental 

epidemiological studies, especially when measurements are not feasible. These models 

require extensive input data sets that can have large effects on model performance. With 
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a Monte Carlo uncertainty propagation analysis we identified the most important 

uncertainty sources in modelling RF-EMF from mobile phone base stations. The heights of 

the building and receptor sites had a substantial impact on predicted RF-EMF levels, 

followed by building damping, antenna- and site location. Thus more accurate data on 

these sources will have the largest effect on improving RF-EMF model predictions. The 

total variation in model outputs was large, indicating that input uncertainty can cause 

large errors in the exposure assessment and subsequently lead to misclassification in 

epidemiological evaluations. Large studies and accurate input data are needed to obtain 

sufficient power to find or disprove potential associations between RF-EMF from mobile 

phone base stations and health effects. The Monte Carlo uncertainty analysis is an 

informative method that can be applied to other environmental exposure models as well, 

providing valuable information for model optimization and interpretation. 
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Appendix 

 
Scatter plot of the standard deviations of a sample of 200 simulated RF-EMF values (in mW/m2) per site, for two 

sets of simulations. Each point represents one of the 252 receptor sites. The closer the points are to the 1:1 line, 

the more stable the outcome of the Monte Carlo uncertainty analysis (Pearson R2 = 0.96).  
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In this thesis, several topics have been presented that inform about the validity and 

uncertainty in spatial modelling of RF-EMF from mobile phone base stations. In this 

discussion we first summarize the main findings of these topics. Next, we discuss the 

results of two small pilot studies that extend upon the validation studies covered in 

previous chapters. The first study determines the effect of mobility of the population on 

model performance and the second study the ability of the model to capture a simulated 

health effect. We then provide an outlook on the future of RF-EMF exposure assessment 

in relation to technological developments and conclude with general recommendations to 

validate exposure assessment models for environmental epidemiological studies. 

Uncertainty in GPS-derived location data 

For exposure assessment studies, GPS-devices can be used to obtain coordinates of 

outdoor measurement sites and for tracking study participants. We assessed the outdoor 

accuracy of GPS-devices and found that GPS-errors were on average a few meters large, 

but over 14% of the errors were larger than 10 m. Such a displacement can easily result in 

changes in exposure levels of spatially highly variable exposures such as RF-EMF. We 

therefore corrected the GPS-derived locations of our outdoor RF-EMF measurements 

using visual inspection of aerial imagery (Chapter 3). Our findings suggest that it is 

important to consider potential GPS-error when outdoor positional accuracy within the 

range of a few meters is required. 

Quantifying model validity 

The assessment of the model validity is dependent on the measurement campaign, 

accuracy indicators and exposure metric. Here we discuss how we performed the RF-EMF 

model validations in this thesis, and compare the results with other validation studies of 

RF-EMF prediction models. 

Validation measurements 

We measured RF-EMF levels with the EME-SPY 140 device (Satimo, Brest, France) as the 

‘gold’ standard for comparison with model predictions. Measuring RF-EMF levels is a 

complicated process with many uncertainties (Bolte et al. 2011; Knafl et al. 2008). (Lauer 

et al. 2012) tested the performance of the EME-SPY 120, the predecessor of the EME-SPY 

140, and found several potential error sources: crosstalk between communication services 

with similar frequencies, an underestimation of downlink bands and an overestimation of 
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uplink bands. Furthermore, the EME SPY 120 has a relatively high detection limit of 0.0067 

mW/m
2
, resulting in many non-detects when measuring far-field RF-EMF exposure. The 

EME-SPY 140 has an improved detection limit of 0.000067 mW/m
2
, but might still suffer 

from crosstalk and potential over- and underestimation of the uplink and downlink. 

However, we do not expect that these device issues have a large influence on our 

validation results, as the size of potential measurement errors are much smaller than 

model errors (Lauer et al. 2012). As the devices can become defective during transport 

and measurement campaign, the functionality of the devices was tested prior, during and 

after the measurements by ETH (Zürich, Switzerland).  

 

We performed measurement campaigns for outdoor (Chapter 3) and indoor model 

validation (Chapter 4). For the outdoor validation we used a mobile monitoring approach 

by taking consecutive measurements along predefined paths of about 2 km length 

through different urban areas (Beekhuizen et al. 2013; Urbinello et al. 2013). 

Measurements were repeated 16 times at different times during the day and over a 

period of 9 months. The measurement locations were tracked with a GPS-device, and for 

each 5-m segment along the path the median measured RF-EMF level was computed over 

all measurements closest to the 5-m segment. This approach was able to characterize the 

high spatial variability of RF-EMF within different urban areas and could account for 

temporal variation. We found that overall temporal variation between measurements was 

very low; only 1% of the variation was explained by day over the repeat measurement 

series. Thus changes in network traffic between mobile phones and base stations during 

the day and over a period of a year cause much less variation in outdoor RF-EMF exposure 

from mobile phone base stations than differences within and between neighbourhoods. 

Measurements should therefore focus on capturing spatial instead of temporal variation. 

For the indoor validation we obtained an extensive measurement data set of RF-EMF 

levels in 263 rooms from 101 primary schools and 30 home locations in Amsterdam, the 

Netherlands. In each room, multiple measurements were combined to account for the 

small scale spatial variation in RF-EMF, based on recommendations from (CENELEC 2008) 

and (Stratakis et al. 2009). 

Accuracy indicators 

We assessed the performance of NISMap in terms of absolute accuracy, as well as its 

ability to rank and classify exposure by computing bias, precision, Spearman correlation 

and Cohen’s Kappa coefficient. The Pearson correlation was not computed as this 

indicator is very sensitive to extreme values, which could unduly influence correlation.  
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Exposure metric  

For RF-EMF modelling, many studies (see Table 1) use electric field (EF, unit: V/m) strength 

as the exposure metric for RF-EMF levels. However, differences in EF strengths are hard to 

interpret, as the sum of two EFs should be based on the sum of the electromagnetic (EMF, 

unit: W/m
2
) fields of the two sites. Thus the EF first needs to be converted to EMF, 

summed, and then back-transformed to EF. As the EMF has an exponential relationship 

with the EF, relative differences between two sites are larger when expressed in EMF than 

in EF, which greatly affects absolute accuracy indicators. The difference in model accuracy 

between the two different metrics is shown in Table 1, in which we added the results in 

mW/m
2
 for comparison with the original results in V/m of the study by (Beekhuizen et al. 

2013). The absolute accuracy is much lower when using the EMF as exposure metric 

compared with the EF; the coefficient of variation increased from 0.62 to 1.68 for 

GSM900, and from 0.89 to 2.66 for UMTS. (Briggs et al. 2012) used Decibel-milliwatts (i.e. 

the power ratio) as the unit of exposure. Due to the log-transformation, differences in RF-

EMF are smaller, and absolute accuracy seems therefore better when using power ratio 

instead of absolute levels. The selection of the exposure metric thus strongly influences 

the model interpretation and should be considered when comparing models. 

Validation RF-EMF exposure models 

Table 1 shows the performance of various RF-EMF prediction models. In terms of absolute 

model predictions, the measurement based approach by (Aerts et al. 2013a) gave the best 

performance with an average relative error of 1.96 dB (corresponding to a factor of 1.57) 

for the prediction of the EF. We can conclude that the prediction of absolute RF-EMF 

levels for individual sites, both indoor and outdoor, is very challenging and even with the 

best input data and model available, predicted RF-EMF levels can easily be a few times 

higher or lower than measured values. For ranking and classifying exposure, RF-EMF 

prediction models perform better. Geomorf, NISMap and the measurement based 

approaches predicted RF-EMF levels with a Spearman correlation of ~ 0.7, up to 0.86. The 

kappa coefficients were moderate to good for the different cut-off points used. Even 

though the validation studies give an indication about model performance, the 

extrapolation of the results for use in epidemiological studies is not straightforward. For 

example, if a model performs well at ground level in an outdoor environment, a similar 

performance for indoor sites cannot be guaranteed. For epidemiological studies, indoor 

performance is most relevant, as people spend the majority of time indoors. Ideally, 

indoor performance should be evaluated at different heights and in different built up 

environments.  



 

 

Table 1: Overview performance validated RF-EMF prediction models 

Paper EMF-Model Comm. services Validation Measurements Metric Accuracy indicators1 Repeat meas. 

(Anglesio et al. 
2001) 

Free space 
propagation 

GSM 38 indoor sites, at three different 
heights (lower, intermediate and 
top floors) 

V/m Lower floors: ratio = 0.10, precision = 0.10 
Interm. Floors: ratio = 0.25, precision = 0.32 
Higher floors: ratio = 0.30, precision = 0.23 

None 

(Briggs et al. 
2012) 

Geomorf, Geospatial 
propagation model. 

GSM900, 
GSM1800 

145 rural sites, 13 urban sites 
(outdoor) 

dBm/m
2
 Rural: R

2
 = 0.061, RMSE = 7.53 

Urban: R
2 

= 0.710, RMSE = 7.36 
None 

(Elliott et al. 
2010) 

Geomorf, Geospatial 
propagation model. 

GSM900, 
GSM1800 

620 outdoor sites mW/m
2
 ρ = 0.66 None 

(Breckenkamp 
et al. 2008)2 

Path loss model GSM900, 
GSM1800, UMTS 

1500 indoor sites V/m Κ (based on two groups with cutoff at 90
th

 percentile): 
ranging between -0.03 and 0.28 

None 

(Aerts et al. 
2013a) 

Spatial interpolation 
between 
measurements 

GSM900, 
GSM1800, UMTS 

50 outdoor sites V/m ρ = 0.72, R = 0.73 Average relative error (in dB) = 1.96 
κ (cutoff at 50

th
 and 90

th
 percentiles) = 0.41 

Sensitivity = 0.60, Specificity = 0.96 (cutoff at 90
th

 percentile) 

None 

(Bürgi et al. 
2008)

3
 

NISMap, Geospatial 
propagation 
modelling 

GSM900, 
GSM1800, 
UMTS, TV, Radio 

20 outdoor urban sites, 18 
outdoor rural sites 

V/m Urban: R: 0.67 
κ (weighted tertiles

4
) = 0.77 

Rural: R: 0.77, κ: 0.63.  

Rural area: up to 3 
times over one day 

(Bürgi et al. 
2010) 

NISMap, Geospatial 
propagation 
modelling 

GSM900, 
GSM1800, 
UMTS, TV, Radio 

113 street outdoor, 131 window 
outdoor, and 133 indoor sites  

V/m Street outdoor: R = 0.54, ρ = 0.64, κ (weighted tertiles4): 0.48 
Window outdoor: R = 0.51, ρ: 0.67, κ = 0.53 
Indoor: R = 0.57, ρ = 0.66, κ = 0.44 

None 

(Beekhuizen et 
al. 2013)5 

NISMap, Geospatial 
propagation 
modelling 

GSM900, UMTS 1827 outdoor measurements 
taken along 5 paths of ~ 2 km in 
different urban areas 

V/m  

 

mW/m2 

GSM900: Ratio (model/meas.) = 0.67, CV = 0.62, ρ = 0.86 
UMTS: Ratio (model/meas.) = 1.13, CV = 0.89, ρ = 0.85 

GSM900: Ratio (model/meas.) = 0.51, CV = 1.68, ρ = 0.86 

UMTS: Ratio (model/meas.) = 1.47, CV = 2.66, ρ = 0.85 

16 repeats, taken at 
different times of day 
and over one year 

(Beekhuizen et 
al. 2014a) 

NISMap, Geospatial 
propagation 
modelling 

GSM900, 
GSM1800, UMTS 

1827 outdoor measurements 
taken along 5 paths of ~ 2 km in 
different urban areas 

mW/m2 Multiple models, accuracy optimal model for total downlink: 
Ratio (model/meas.) = 0.58, CV = 1.23, ρ = 0.69. 

16 repeats, taken at 
different times of day 
and over one year 

(Beekhuizen et 
al. 2014b) 

NISMap, Geospatial 
propagation 
modelling 

GSM900, 
GSM1800, UMTS 

263 indoor sites, in 131 different 
schools and homes 

mW/m2 Ratio: (Model/Meas) = 1.29 
Bias: 0.012, Precision = 0.184, ρ = 0.73 
κ (weighted tertiles4 ) = 0.53 

None 

1Mod. = Modelled, Meas. = Measured, ratio = meas. / modelled, precision (Standard deviation of model errors), CV = Coefficient of variation (precision / mean meas.), RMSE = Root Mean Squared 
Error, , R = Pearson Correlation, ρ = Spearman Correlation, κ = Cohen’s Kappa Coefficient 
2 for model development, high quality input data was available; kappa between 0.41 and 0.68 (Neitzke et al. 2007) 
3 UMTS antenna data was missing for the urban validation, so UMTS was excluded from the analysis. 
4 50% agreement adjacent categories 
5In the original paper, model accuracy was only assessed in V/m and the coefficient of variation (CV) was not computed from the precision and mean measurements. We added the results when 
using mW/m2 as metric and the CV to show the difference in absolute accuracy between both metrics
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Impact of input data availability and accuracy on model 

validity 

The performance of spatial exposure assessment models is largely dependent on both 

quality as well as availability of input data. Even though NISMap has shown to rank RF-

EMF exposure accurately using optimal input data (i.e. detailed 3D building and antenna 

data), this level of detail is not available in all epidemiological studies. We therefore 

assessed which input data are critical for obtaining accurate model predictions (Chapter 

5). We found that information on building damping, antenna tilt, pattern and output 

power are useful, but not essential for ranking exposure with NISMap, whereas 3D 

building data and accurate antenna location were influential. 

Data can also be lacking for the relevant time window of exposure. In epidemiological 

studies of diseases with a long latency period (e.g. cancer), we are interested in exposure 

over many years, sometimes even decades. Exposure conditions may change over years 

and model accuracy will likely decrease when the collection date of the input data 

becomes further separated from the date for which exposure is modelled. Due to the 

rapid developments in mobile telecommunication technology, RF-EMF exposure modelling 

from mobile phone base stations could be especially susceptible to changes in exposure 

sources. We therefore tested the sensitivity of RF-EMF model validity to changes in the 

antenna network by comparing modelled exposure using antenna data of different years 

(2008, 2011, 2012 and 2013) with the 263 measurements of our indoor validation study 

taken between July 2011 and July 2012. We found an increase in average RF-EMF levels 

over the years, and the highest correlation for the years that the measurements were 

taken, 2011 and 2012 (Table 2). The correlation decreased slightly for 2013, and was 

lowest for 2008 (Spearman R = 0.69). These results indicate that RF-EMF model 

predictions become less accurate with increasing time difference between antenna data 

and time of exposure, but are still valid over a time-difference of at least three years. 

Differences will likely be larger between years with large changes to the antenna network, 

such as the addition of UMTS from 2004 onwards and with the current deployment of the 

LTE network.  
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Table 2: Mean modelled RF-EMF (in mW/m2) and Spearman correlations for antenna data of different years. The 
Spearman correlation was computed by comparing modelled values with 263 indoor measurements taken 
between and July 2011 and July 2012. 

 Antenna data 

Accuracy indicator 2008 2011 2012 2013 

Mean Model (mW/m2) 0.027 0.032 0.039 0.049 

Spearman R 0.69 0.74 0.74 0.73 

 

Uncertainty in the input data also affects model performance. We quantified the effect of 

input data uncertainty on model predictions (Chapter 6) with Monte Carlo simulation. We 

assessed the impact of input uncertainty on the absolute model accuracy, as well as the 

ranking and classification of exposure. We found considerable uncertainty (median 

coefficient of variation = 1.5) in our model predictions stemming from input uncertainty, 

indicating that input uncertainty can cause significant misclassification in health risk 

assessment. The most important sources of uncertainty were receptor site height (i.e. the 

height above ground for which to assess exposure, such as the bedroom floor) and 

building height, followed by antenna location, building damping and site location.  

In general, the largest RF-EMF prediction errors came from those inputs that influence 

whether the receptor is in line-of-sight (i.e. unobstructed view between antenna and site) 

of the beams of surrounding antennas, such as building geometry and antenna location. If 

data on these inputs is missing or inaccurate, the validity of the model will be affected. 

The accuracy of the digital terrain model (DTM) will likely be of much influence on model 

predictions in countries with hilly or mountainous terrain, as in such areas the elevation of 

antennas, buildings and receptor sites can differ greatly. We did not study the impact of 

DTM uncertainty as our study area has little elevation differences. Information on the 

effect of missing or uncertain input data on model validity can greatly help in focusing the 

expensive data collection efforts on those input sources that are most important.  

Impact of mobility on accuracy of fixed site model predictions 

An important aspect to consider in exposure modelling is the mobility of the study 

population. In epidemiological studies, personal exposure is generally determined by 

modelling exposure levels at one location (for example the house or more specifically the 

bedroom) and assigning that exposure to a person. However, people are mobile and have 

different exposures at different locations, albeit that on average people spend about 65% 

of the time indoors at home (Brasche and Bischof 2005). The decrease in model validity by 

basing personal exposure on fixed site model predictions is not a limitation of the model 

itself, but of retrieving positional information of the person. Theoretically, if the person’s 
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location was tracked with a high accuracy, the model could predict exposure at all or a few 

important locations (e.g. work or school) and subsequently compute a weighted average. 

Recent improvements in the availability and accuracy of location-tracking devices, such as 

GPS-devices (Beekhuizen et al. 2012) and GPS-enabled smartphones (de Nazelle et al. 

2013), will make mobility-based exposure modelling more attainable. Nonetheless, for 

large studies it will remain very difficult and costly to collect, process and analyse the 

location of all places that a person visits. It is therefore important to assess model validity 

for predicting personal exposure based on a fixed-site model prediction.  

Preliminary analyses using data collected by Dr. J. Bolte (Bolte and Eikelboom 2012) of the 

Dutch National Institute for Public Health and the Environment (RIVM, Bilthoven, The 

Netherlands) showed moderate to low correlations between predicted indoor RF-EMF 

levels and personal measurements during night time (Spearman R = 0.41, Pearson R = 

0.57), during time at home (Spearman R = 0.51, Pearson R = 0.58), and during the entire 

24-h period (Spearman R = 0.36, Pearson R = 0.57). The data consists of 24-h personal RF-

EMF measurements for 98 persons, living in the areas of Amsterdam and Purmerend, The 

Netherlands (Bolte and Eikelboom 2012). Interestingly, the Pearson correlation is higher 

than the Spearman correlation and similar for each of the three time periods. This 

illustrates a potential pitfall of using the Pearson correlation for exposures with extremely 

large differences between observations; when the highest exposure levels are multiple 

times larger than the other observations, the agreement between modelled and 

measured levels of these observations drive to a large extent the Pearson correlation.  

The Spearman correlation for the night time bedroom measurements is distinctly lower 

than found in our previous indoor validation study (Spearman R = 0.73). Potential reasons 

for this difference are that the measurements of our indoor validation study were time-

weighted averages of 7 spots in the room, whereas the bedroom measurements of the 

study by Bolte and Eikelboom (2012) were based on one fixed position in the room, 

making these measurements sensitive to local interference patterns. Secondly, the EME-

SPY 121 device is less sensitive than the EME-SPY 140 that was used in our studies 

(detection limit of 0.0067 mW/m
2
 compared with 0.000067 mW/m

2
). Third, the height of 

the bedroom was only based on the floor of the bedroom and total building height, 

whereas in the indoor validation study also information on total number of floors was 

available. The differences between model validity for the 24-h period (Spearman R = 0.36) 

and bedroom (Spearman R = 0.41) are quite small, which implies that modelling personal 

exposure at one fixed site does not greatly decrease overall ranking of RF-EMF exposure 

from base stations compared with modelling exposure at all locations the person travels. 
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(Frei et al. 2009) assessed the performance of NISMap for predicting RF-EMF exposure at 

home and personal exposure over a week, for all major RF-EMF exposure sources. NISMap 

was used to model far-field exposure from all fixed site transmitters, i.e. mobile phone 

base station downlink, FM, TV and Tetrapol. About 60 to 70% of the far-field exposure 

came from mobile phone base stations. For modelling RF-EMF at home, the proportion of 

explained variance (R
2
) by NISMap was 0.34, which dropped to an R

2
 of 0.25 for total 

personal exposure over the whole week. In terms of ranking, they reported a Spearman 

correlation of 0.28 between the NISMap prediction and personal RF-EMF exposure (Frei et 

al. 2010). This is slightly lower than our Spearman correlation of 0.36, which can be 

explained by the fact that we did not consider other RF-EMF sources. 

Model performance has also been studied for other environmental pollutants, most 

noticeably air pollution. Several studies have researched the difference between 

measured personal exposure and measured exposure at fixed locations to various air 

pollutants. (Janssen et al. 1998) assessed the relationship between personal and outdoor 

PM10 exposure within 37 non-smoking adults living in Amsterdam, the Netherlands, with 

repeat measurements. They found a median Pearson R within individuals of 0.50. In a later 

study, (Janssen et al. 2000) assessed the time-series correlation between personal and 

outdoor exposure to PM2.5 in elderly subjects in Amsterdam, the Netherlands, and 

Helsinki, Finland. They found high within-subject correlations, with a median Pearson R for 

PM2.5 of 0.79 for Amsterdam and 0.76 for Helsinki. In both cities, the subjects were on 

average over 88% of the day indoors at home. (Van Roosbroeck et al. 2008a) studied the 

relationship between measured personal exposure and outdoor school concentrations of 

NO2 and soot, and found a Pearson correlation of 0.35 for NO2 and 0.53 for soot. These 

studies show that, depending on the studied population and air pollutants, there is a good 

to moderate correlation between fixed-site measurements and personal exposure to air 

pollution. However, for large studies, measurements are not always feasible and exposure 

proxies or models are used to predict exposure. (Nethery et al. 2008) compared personal 

exposure of 61 pregnant women to different air pollutants (NO, NO2, Absorbance and 

PM2.5) with modelled at home air pollution, and found for only NO and NO2 a significant 

positive Pearson correlation of 0.51 and 0.18, respectively. (Roosbroeck et al. 2008b) 

assessed the use of the exposure proxy ‘traffic intensity on the street of residence’ to 

determine personal exposure to soot, NO, NO2, NOx and PM2.5, and found that traffic 

intensity only correlated with personal exposure to soot (R
2
 of 0.17).  

Thus the validity of the exposure assessment for both RF-EMF as well as air pollutants is 

moderate to low when predicting personal exposure with fixed site model estimates. Even 

though correlations with actual personal exposure are low, fixed site predictions are still 
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useful for finding potential associations between pollutant and health effects, as shown by 

the impact of environmental air pollution studies (Brunekreef and Holgate 2002; 

Raaschou-Nielsen et al. 2013). Due to significant exposure misclassification, large studies 

are needed to obtain sufficient power to detect environmental risks. The obtained risk 

estimates are likely attenuated as well. (Van Roosbroeck et al. 2008a) report two to three 

times higher prevalence ratios of respiratory symptoms when using personal exposure 

measurements instead of modelled fixed site predictions.  

Model validity for detecting health effects 

The validity of the exposure assessment for epidemiological studies should ideally be 

based on the model’s ability to detect or disprove health effects. We therefore simulated 

a relationship between a health effect and measured RF-EMF levels (considered to be the 

true exposure level), and subsequently assessed if the model predictions captured the 

health effect. We chose response speed as physical (health) effect, as there is a slight 

indication that response speed improves with increasing RF-EMF exposure (Hutter et al. 

2006). We used the 263 measurements sites from our indoor validation study (Chapter 3) 

to obtain measured RF-EMF levels. The mean and standard deviation of the response 

speed were derived from reaction time measurements of an ongoing study, embedded in 

the larger ABCD-study (van Eijsden et al. 2011): 

 

Mean response speed (µspeed): 1.86 

Standard deviation (σspeed): 0.4 

 

We assumed a linear relationship between response speed and RF-EMF exposure, 

resulting in the following formula to simulate reaction speed times at all measurement 

sites (N=263): 

 

Speedn = Gaussian(µspeed, σspeed) + betatrue*RF-EMFn  [1] 

 

where Speedn is the simulated speed at site n, betatrue is the increase in response speed 

due to RF-EMF exposure and RF-EMFn is the exposure at site n. After computing response 

speed for all sites, we subtracted the difference between average simulated speed and 

µspeed from simulated speed values to correct for overall speed increase.  

 

We assessed the model’s ability to determine the relationship between RF-EMF and 

increase in response speed for three different betas (0.25, 0.5 and 1). For each beta, we 
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computed N (N = 500) response speeds at 263 measurements sites using formula 1, and 

subsequently determined the beta and confidence interval based on the modelled RF-EMF 

levels at the sites by fitting a linear regression model. Next, the 500 betas and confidence 

intervals were averaged over all simulations to correct for the variation caused by the 

random draws from the Gaussian distribution in Formula 1. 

 

Figure 1 shows the averaged betas and confidence intervals estimated for both modelled 

and measured values, for a true beta of 0.25, 0.5 and 1.0. The betas based on the 

measured values are, as per design, exactly 0.25, 0.5 and 1.0. Only for a true beta of 1.0, 

the model found a significant effect (beta = 0.3, CI 0.05 – 0.55). Due to the large model 

errors, there is a strong attenuation; the betas derived from the modelled values are 

about 30% of the true beta. 

 
Figure 1: Betas and confidence intervals for determining a linear association between RF-EMF exposure and 

reaction speed, for true betas of 0.25, 0.5 and 1. 

We also simulated associations between categorical exposure and response speed, where 

we categorized exposure in three categories based on the < 50
th

, 50-90
th

, > 90
th

 percentile. 

Linear regression models were used to examine the association between exposure 

categories and reaction speed. Figure 2 shows the results of the categorical exposure 

modelling. Due to grouping we can see a clear Berkson-like error, as the attenuation is 

much smaller than for our continuous exposure modelling, whereas the power of the 

study decreases; only for a true beta of 1.0 a significant effect is found. 
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Figure 2: Coefficients and confidence intervals for determining a linear association between RF-EMF exposure 

and reaction speed when categorizing exposure (< 50th, 50-90th and >90th percentile), for true betas of 0.25, 0.5 

and 1.  
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Outlook 

Towards an integrative exposure assessment 

The validity of the exposure assessment depends on the extent to which it captures all 

exposure sources that are hypothesized to cause any health effects. There are often 

exposure sources that have not been accounted for in the model, but that do contribute 

to total exposure.  

For RF-EMF modelling, to date no biological mechanisms have been established below the 

regulatory limits (HPA 2012). The relevant exposure sources depend on many factors, such 

as the organ at risk, exposure duration, type of exposure (modulation, frequency) and 

pattern (peaks, time above certain frequency). As there is no scientific evidence for a 

suggested health effect of one specific RF-EMF frequency or modulation (Neubauer et al. 

2007) and RF-EMF exposure sources are not strongly correlated (Frei et al. 2010), it is 

recommended to consider total exposure from all RF-EMF sources. Excluding uncorrelated 

exposure sources leads to random error in an epidemiological study, which reduces the 

power of the study and attenuates risk estimates (Neubauer et al. 2007). 

(Frei et al. 2009) have developed a regression model that considers all RF-EMF exposure 

sources except for personal mobile phone use, by combining NISMap with questionnaire-

retrieved exposure indicators (e.g. WIFI and DECT at home). This model was compared 

with home measurements and personal measurements over a week, yielding an R
2
 of 0.56 

for home exposure, and an R
2 

of 0.52 and Spearman correlation of 0.51 for personal 

exposure. A second validation measurement series yielded an even higher Spearman 

correlation of 0.75 between personal measurements and model predictions. This study 

shows that combining questionnaire data on RF-EMF exposure conditions with a spatial 

exposure model can be used to rank personal exposure to RF-EMF in a meaningful way. 

An important step in further advancing RF-EMF exposure assessment is the integration of 

both near-field (mobile phone) and far-field (transmitters) sources, as both are major 

contributors to the total exposure. Integrating both exposure sources can also tackle the 

problem of interaction effects between base station and mobile phone exposures, as an 

improvement in coverage by base stations might result in lower output powers of the 

mobile phone antenna. This interaction effect was shown by (Aerts et al. 2013b), who 

report that placing a femto-cell (extremely low power base station of 10 mW) in an office 

building resulted in a large reduction in mobile phone uplink exposure with a relatively 
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minor increase in downlink exposure. In the GERONIMO project
1
, methods are being 

developed that integrate both near- and far-field exposure sources to obtain cumulative 

exposure estimates. 

Temporal changes in exposure sources 

Exposure sources can change over time, altering the way exposure should be modelled. 

Especially with the rapid developments in telecommunication technology, RF-EMF 

exposure assessment needs to adept to ongoing developments. The results presented in 

this thesis are based on modelling downlink base station exposure from GSM and UMTS 

antennas. These base stations consist mainly of outdoor high power macro cells on 

rooftops or separate masts, covering areas of several square kilometres. 

(Andrews et al. 2012) report that with the introduction of the new LTE (Long Term 

Evolution) mobile communication network, providers cannot keep up with the current 

data-explosion by adding even more macro-cells. They predict that the network will 

undergo a large shift from centrally optimized coverage with high power base stations, 

towards data-centric and organically deployed networks using small, low power femto-

cells. Macro-cells will also change, as LTE antennas support the use of beamforming. 

Beamforming enables the antenna to target the beam to specific areas to improve 

coverage, especially at the far reaches of the cell (Astély et al. 2009).  

With technological changes, usage will also change. Whereas the first generation of 

mobile phones were mostly used for calling and occasional text messaging, current 

smartphones are increasingly used for working with mobile applications (‘apps’), creating 

a change from lateral to a more frontal exposure distribution over the body.  

These developments in mobile communication technologies will make future RF-EMF 

exposure assessment even more challenging. Both the beamforming and change from 

high power macro-cells to low power micro- and femto-cells will decrease exposure 

contrast. Peak exposures will decrease due to a switch to low-power cells, and areas with 

very low exposure could get a slight increase in RF-EMF levels due to beamforming. 

Requirements for antenna and 3D building data will be even more demanding as well, 

with temporal changes in the antenna beam and the placement of many small, often 

indoor, femto- and micro-cells.  

                                                           
1
 http://www.crealradiation.com/index.php/en/geronimo-workpackages/workpackage-6 
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Conclusions 

The exposure assessment for environmental epidemiological studies has greatly improved 

with the increase in spatial data, computing power and analysis methods. However, the 

validation of these spatial exposure models for use in epidemiological studies is often 

limited or even absent.  

One of the key aspects of determining model validity are exposure measurements. Ideally, 

personal measurements should be taken that account for the mobility of the population; if 

this is not feasible, the measurements need to be performed at locations where the 

population at risk spends the majority of their time. Depending on the temporal variation 

of the exposure, measurements have to be repeated at different time scales, as exposures 

can have for example daily, weekly or seasonal variation. Thus measurements should 

reflect the relevant exposure conditions for the risk assessment in both space and time. 

Since validation measurements cannot cover all locations and the complete exposure time 

window, limitations in extrapolating model accuracy to times and locations that have not 

been measured should be discussed. By considering these aspects in the measurement 

campaign, the validity of the exposure model for use in an epidemiological study can be 

reliably quantified. 

A common limitation for large epidemiological studies is the lack of detailed data of one or 

more input sources needed for the exposure assessment. The input data used for 

validation should reflect the input data available for the epidemiological study, as spatial 

exposure models greatly depend on the quality of input data. Validating the model with 

default or missing input data sources informs about the decrease in model performance 

when not all data is available. Next to data availability, the accuracy of input data sources 

affects model performance. Uncertainty in model predictions caused by input data 

uncertainty can be quantified with Monte Carlo simulation. The results inform both on the 

input sources that are most influential for obtaining accurate model predictions and about 

total uncertainty in model predictions due to input data errors.  

As current advanced exposure models may seem plausible and convincing, there is the 

danger of placing too much confidence in model outputs. Epidemiologists should be aware 

of uncertainty in the prediction of exposure assessment models as there is no such thing 

as a perfect model; a model is by definition a simplification of reality. Since the reliability 

of epidemiological studies is dependent on the accuracy of the exposure assessment, 

knowledge on model validity can help in the interpretation of existing studies and in 

determining the study size to obtain sufficient power. In addition, if the error structures 
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are well understood they can be used for corrections of the obtained epidemiological 

results. By quantifying the accuracy and uncertainty of the exposure model predictions, 

both the potential and limitations of the exposure assessment can be judged, improving 

the reliability of environmental epidemiological studies. 
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Summary 

One of the key challenges in environmental epidemiology is the exposure assessment of 

large populations. As environmental epidemiological studies focus on health risks of 

relatively low exposures to various sources, such as air pollution, noise, chemicals, and 

electromagnetic fields (EMF), large study sizes are needed to obtain sufficient power to 

find potential associations between exposure and health risks. Measurements are a 

reliable way to estimate exposure, but the study size often surpasses the feasibility of a 

measurement campaign. Therefore, spatial exposure models have been developed that 

predict exposure to the pollutant of interest. These models rely on the availability, 

processing and analysis of spatial data using Geographic Information Systems (GIS). The 

most basic exposure model is distance to source, which needs spatial data of the exposure 

source and locations of the study participants. More advanced models consider the 

propagation of the exposure though the environment. The validity of these exposure 

models for use in environmental epidemiology is often unknown. In this thesis, we present 

various aspects that are important for quantifying the accuracy and uncertainty of model 

predictions. We focus on modelling radiofrequency electromagnetic fields (RF-EMF) from 

mobile phone base stations, which is an informative case study as it relies heavily on the 

accuracy of multiple (spatial) input data sources due to its interaction with the 

environment. 

For modelling of exposures with a high spatial variability, such as RF-EMF, accurate 

positional information is essential for both model validation and model input. Devices that 

obtain location data using the Global Positioning System (GPS) offer a promising way to 

collect outdoor location estimates for epidemiological studies. In chapter 2, we assessed 

the accuracy and reliability of GPS-devices, as information on GPS-performance in 

environmental exposure assessment is largely missing. We performed a commute-study, 

where the commute of 12 individuals was tracked twice, testing GPS-performance for five 

transport modes. The median error from the true path for walking was 3.7 m, biking 2.9 

m, train 4.8 m, bus 4.9 m, and car 3.3 m. Second, an urban tracking study, where one 

individual was tracked repeatedly through different areas, focused on the effect of 

building obstruction on GPS-performance. Errors were larger in a high-rise commercial 

area (median error = 7.1 m) compared to a low-rise residential area (median error = 2.2 

m). Overall, 85% of all errors were smaller than 10 m. We conclude that GPS-devices are 

useful tools for outdoor environmental exposure assessment. However, large GPS-errors 
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might decrease the accuracy of exposure models, especially for exposures with high 

spatial variability in dense urban areas. 

In chapter 3, we determined the performance of the spatial radio wave propagation 

model NISMap for predicting outdoor RF-EMF from mobile phone base stations. The 

model was validated with repeated continuous measurements along predefined ~2 km 

long paths in five different areas in Amsterdam, the Netherlands. This measurement 

approach captured both spatial and temporal variation. We found relative little temporal 

variation in electric field strengths, as only about 1% of the total variation in 

measurements was explained by date of measurement. The model was able to rank 

downlink exposure to GSM900 and UMTS well with a Spearman correlation of 0.86 and 

0.85 between modelled and measured values, respectively. However, absolute prediction 

accuracy was low, as model predictions were often a few factors off from the measured 

values.  

In chapter 4, we analysed the performance of NISMap for indoor modelling, which is 

especially important for epidemiological studies as people spend most of their time 

indoors. We also determined if information on building characteristics could improve 

model accuracy. We performed 15-minute spot measurements in 263 rooms in 101 

primary schools and 30 private homes in Amsterdam, the Netherlands. At each 

measurement location, we collected information on building characteristics that can affect 

indoor exposure to RF-EMF, namely glazing and wall and window frame materials. We 

found a Spearman correlation of 0.73 between modelled and measured total downlink RF-

EMF. The model was not able to accurately predict absolute RF-EMF levels, as model 

predictions were often a few factors off from measured values. Incorporating information 

on building characteristics did not improve model predictions. 

Chapter 5 discusses what input data is needed to obtain reliable outdoor RF-EMF 

predictions with NISMap, as in many epidemiological studies not all input data are 

available. We compared models with various levels of detail in building and antenna input 

data with our outdoor measurement data set (Chapter 3). Results showed that the model 

is able to rank exposure when 3D-building data and basic antenna information (location, 

height, frequency and direction) are available: Spearman correlations were generally 

larger than 0.6. The model performance was not sensitive to changes in building damping 

parameters. Antenna specific information about down-tilt, type and output power did not 

significantly improve model performance compared with using average down-tilt and 

power values, or assuming one standard antenna type. Even with detailed input data, 

NISMap was not able to accurately predict absolute outdoor RF-EMF levels from mobile 
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phone base stations as modelled RF-EMF levels were often a few factors off from true 

exposure levels. 

Chapter 6 discusses the impact of uncertainty in the NISMap input data on RF-EMF model 

predictions. Spatial prediction models, such as NISMap, are largely dependent on accurate 

input data. Uncertainties in the input data can therefore have a large effect on model 

predictions, but are rarely quantified. With Monte Carlo simulation we assessed the effect 

of input uncertainty on the prediction of RF-EMF from mobile phone base stations at the 

indoor measurement sites used for our indoor validation study (Chapter 4). The 

uncertainty in modelled RF-EMF levels was large with a median coefficient of variation of 

1.5. The largest uncertainties in model output came from those inputs that influence 

whether there is an unblocked line-of-sight between antenna and receptor site and that 

can have a displacement of a few meters: the antenna location, building height and 

receptor site x, y, z location. Uncertainty in building damping and antenna output power 

also had a large impact on modelled RF-EMF levels, but had little influence on the ranking 

of exposure. The smallest uncertainty sources were the transmission directions (antenna 

tilt, height and direction). Monte Carlo uncertainty analysis can be used to better interpret 

the reliability of the model output and to find the major potential error sources. 

In the final chapter, we discuss important issues relevant for determining the validity of 

exposure models in epidemiological studies. We found that GPS-devices are a valuable 

tool for obtaining positional information in exposure assessment, but potential GPS-error 

should be considered for exposure sources that can vary within distances of a few meters. 

An overview of the exposure models that have been used to predict RF-EMF exposure 

from mobile phone base stations show that none of the models was able to accurately 

predict absolute RF-EMF levels. However, several models were able to reliably rank and 

classify exposure for fixed sites. For spatial exposure models, the availability and 

uncertainty in input data is also important. We found that for NISMap, input data that 

affect line of sight conditions has a large influence on model validity. Furthermore, the 

mobility of the population should be considered to determine if the exposure model can 

be reliably used in epidemiological studies. We therefore compared total measured 

daytime RF-EMF exposure with fixed site model predictions at home, and found a 

Spearman correlation of 0.36. This indicates that there is significant misclassification that 

would result in attenuation and statistical power loss in epidemiological studies. In a final 

analysis we determined if the model could capture (simulated) health effects based on 

fixed site exposure levels. We found an attenuation of about 70% in the risk estimates 

when modelling absolute exposure levels (i.e. classical error). Attenuation was much lower 
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when exposure was grouped in three categories based on the < 50
th

, 50-90
th

 and >90
th

 

percentiles, but the power of the study decreased (i.e. Berkson error). 

In conclusion, this thesis shows the importance of various aspects that need to be 

considered when validating environmental exposure models for use in epidemiological 

studies. 
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Samenvatting 

Mensen worden in het dagelijks leven blootgesteld aan allerlei omgevingsfactoren, zoals 

luchtverontreiniging, geluidsoverlast, chemicaliёn en elektromagnetische velden (EMV). 

Het onderzoeksveld van de milieu-epidemiologie probeert antwoord te geven op de vraag 

of er een verband is tussen deze omgevingsfactoren en de volksgezondheid. 

Eén van de belangrijkste uitdagingen in milieu-epidemiologie is het bepalen van de 

blootstelling van de bevolking aan deze omgevingsfactoren. Studies in milieu-

epidemiologie richten zich vaak op gezondheidsrisico’s van blootstelling aan relatief lage 

concentraties van omgevingsfactoren. Hierdoor zijn grote studiepopulaties nodig om 

mogelijke verbanden tussen de blootstelling en gezondheidsrisico’s met genoeg 

statistische zeggingskracht aan te tonen. 

Metingen zijn een betrouwbare manier om de blootstelling aan omgevingsfactoren te 

bepalen, maar het is bij milieu-epidemiologische studies echter vaak niet haalbaar om op 

elke locatie of voor elke persoon metingen te doen. Daarom zijn er ruimtelijke modellen 

ontwikkeld om de blootstelling te berekenen. Deze modellen zijn afhankelijk van de 

beschikbaarheid van ruimtelijke data. Voor de opslag, verwerking en analyse van de 

ruimtelijke data worden Geografische Informatie Systemen (GIS) gebruikt. Het meest 

eenvoudige blootstellingsmodel is ‘nabijheid tot bron’, dat de blootstelling van individuen 

classificeert op basis van de afstand tot de bron. Dit model werkt op basis van de aanname 

dat hoe dichter een individu bij de bron van de blootstelling woont, des te hoger de 

blootstelling zal zijn. In geavanceerdere modellen wordt rekening gehouden met de 

verspreiding van de belastende factor in de omgeving.  

De validiteit van deze ruimtelijke blootstellingsmodellen voor gebruik in milieu-

epidemiologie is vaak onbekend. In dit proefschrift worden verscheidene aspecten die van 

belang zijn voor het kwantificeren van de validiteit en onzekerheid in modelvoorspellingen 

besproken. We richten ons specifiek op het modelleren van radiofrequente 

elektromagnetische velden (RF-EMV) van mobiele telefoonzendmasten, maar veel van de 

resultaten zijn ook toepasbaar op de validering van andere omgevingsfactoren. 

Voor het modelleren van blootstellingen met een hoge ruimtelijke variabiliteit, zoals RF-

EMV, is nauwkeurige positiebepaling voor zowel de modelvalidatie als de modelinvoer van 

belang. Apparatuur dat de positie bepaalt met behulp van het Global Positioning System 

(GPS) biedt een veelbelovende manier om de locatie buitenshuis te bepalen. In hoofdstuk 

2 onderzoeken we daarom de nauwkeurigheid en betrouwbaarheid van GPS-apparatuur 

voor gebruik in milieu-epidemiologische studies. Om dit te bepalen hebben we twee 
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studies gedaan. In de eerste studie zijn de heen-en-weer reis van twaalf personen van 

werk naar huis met meerdere GPS-apparaten gemeten, waarbij de personen van 

verschillende transportmiddelen gebruik hebben gemaakt. De mediaan van de fout in de 

positiebepaling van de GPS-apparaten was voor wandelen 3.7 m, fiets 2.9 m, trein 4.8 m, 

bus 4.9 m, en met de auto 3.3 m.  

Daarnaast hebben we een studie in Amsterdam gedaan, waar een persoon met meerdere 

GPS-apparaten door zes verschillende stedelijke gebieden heeft gelopen. Hierdoor konden 

we het effect van bebouwing op de GPS-fout bepalen. De fouten waren het grootst op de 

Zuidas, een gebied met hoge kantoorgebouwen (mediaan van de fout was 7.1 m). De 

fouten waren het kleinst in een woongebied met lage huizen (mediaan van de fout was 

2.2 m). Over alle GPS-metingen was 85% van de fouten kleiner dan 10 m. We concluderen 

dat GPS-apparaten nuttig zijn voor de positiebepaling buitenshuis voor 

blootstellingsmodellen in milieuepidemiologische studies. Echter, GPS-fouten kunnen wel 

degelijk een negatieve invloed hebben op de nauwkeurigheid van blootstellingsmodellen, 

zeker in stedelijke gebieden en voor omgevingsfactoren met een sterke ruimtelijke 

variabiliteit. 

In hoofdstuk 3 hebben we onderzocht hoe nauwkeurig de blootstelling aan RF-EMV van 

mobiele telefoonzendmasten buitenshuis voorspeld kan worden met het model NISMap. 

NISMap is een ruimtelijk model dat de verspreiding van RF-EMV door de omgeving 

berekend met behulp van informatie over de bronnen van RF-EMV (de zendmasten) en de 

belangrijkste obstakels (bebouwing). Het model is gevalideerd met herhaalde continue 

metingen langs voorgedefinieerde 2 km lange routes in vijf verschillende gebieden in 

Amsterdam. Deze meetstrategie stelde zowel de ruimtelijke als de temporele variantie in 

RF-EMV vast. De metingen toonden aan dat er relatief weinig temporele variantie in de 

elektrische veldsterktes was, aangezien maar 1% van de totale variantie in meetwaarden 

een gevolg is van de meetdag. Het model was in staat om de blootstelling aan RF-EMV van 

GSM900 en UMTS zendmasten goed te ordenen, met een Spearman correlatie van 

respectievelijk 0.86 en 0.85 tussen gemodelleerd en gemeten waarden. Echter, de 

absolute modelnauwkeurigheid was laag, aangezien modelvoorspellingen vaak enkele 

factoren afwijkten van de gemeten waarden. 

In hoofdstuk 4 hebben we de nauwkeurigheid van NISMap voor het voorspellen van de 

blootstelling aan RF-EMV van mobiele zendmasten binnenshuis berekend. De 

modelnauwkeurigheid binnenshuis is van belang voor epidemiologische studies, aangezien 

de meeste mensen het grootste deel van hun tijd in een gebouw zijn. We hebben in 263 

kamers, verspreid over 101 basisscholen en 30 woonhuizen in Amsterdam metingen 
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gedaan. Dit leverde een Spearman correlatie van 0.73 tussen de gemodelleerde en 

gemeten RF-EMV. Het model was, net als voor buitenshuis, niet in staat om de absolute 

RV-EMF sterkte te bepalen, aangezien de modelvoorspellingen vaak enkele factoren 

groter of kleiner waren dan de gemeten waarden. Daarnaast hebben we bepaald of 

informatie over gebouweigenschappen, die invloed kunnen hebben op de verspreiding 

van RF-EMV, de prestaties van het model konden verbeteren. Om dit te bepalen is op elke 

meetlocatie informatie over de beglazing (enkel of dubbelglas) en de materiaalsoort van 

de muur en het raamkozijn verzameld. Deze informatie verbeterde de 

modelvoorspellingen echter niet.  

In hoofdstuk 5 wordt besproken welke invoerdata nodig zijn om betrouwbare 

modelvoorspellingen  voor RF-EMV te maken. In veel epidemiologische studies zijn 

namelijk niet alle invoerdata aanwezig, zoals 3D-gebouwdata en gedetailleerde informatie 

over de antennes van mobiele telefoonzendmasten. We hebben daarom het model 

NISMap met diverse datasets laten rekenen, en de modeluitkomsten vergeleken met de 

metingen buitenshuis (zie hoofdstuk 3). De resultaten laten zien dat het model in staat is 

om de blootstelling te ordenen wanneer er 3D-gebouwdata en basisinformatie over 

antennes (de locatie, hoogte, frequentie en richting) beschikbaar zijn; de Spearman 

correlaties waren in het algemeen hoger dan 0.6. Het model blijkt niet nauwkeuriger te 

worden door de parameters aan te passen die de mate van demping van radiogolven door 

gebouwen beschrijven. Antennespecifieke informatie over de verticale hellingshoek 

(antennes zijn meestal een paar graden naar beneden gericht), het type en het vermogen 

hadden geen invloed op de nauwkeurigheid van het model; de resultaten waren 

vergelijkbaar met het gebruik van standaardwaarden voor deze parameters. 

In hoofdstuk 6 wordt de invloed van onzekerheid in de invoerdata van NISMap op de 

modelnauwkeurigheid besproken. Ruimtelijke modellen, zoals NISMap, zijn grotendeels 

afhankelijk van accurate invoerdata, aangezien fouten in de invoerdata een grote invloed 

kunnen hebben op de modelvoorspellingen. Met Monte Carlo simulatie hebben we het 

effect van onzekerheid in de invoerdata op de modelberekeningen van NISMap bepaald. 

De totale onzekerheid in de modelvoorspellingen door onzekerheden in de invoer was 

groot; de mediaan van de variatiecoëfficiënt was 1.5. De grootste onzekerheden in de 

modelvoorspellingen zijn het gevolg van onzekerheden in de invoerdata die bepalen of de 

antenne in zicht is van de locatie waar de blootstelling voor bepaald wordt, en waarin 

fouten van enkele meters of meer kunnen zitten. Dit zijn de volgende invoerdata: 

gebouwhoogte, antenna-locatie, en de locatie en hoogte van de ontvanger. Onzekerheden 

in de gebouwdempingparameters en het vermogen van de antennes hadden een grote 

invloed op de absolute modelnauwkeurigheid, maar weinig invloed op de relatieve 
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nauwkeurigheid (i.e. het ordenen van blootstelling van hoog naar laag). Onzekerheden in 

de hoogte en transmissierichtingen van de antennes (zowel horizontaal als verticaal) 

hadden weinig invloed op de modelvoorspellingen. We concluderen dat de Monte Carlo 

onzekerheidsanalyse gebruikt kan worden om de belangrijkste bronnen van onzekerheid 

te vinden en om de algehele betrouwbaarheid van de modelvoorspellingen beter te 

interpreteren. 

In het laatste hoofdstuk worden belangrijke aspecten voor het bepalen van de validiteit 

van blootstellingsmodellen voor epidemiologische studies besproken. We concluderen dat 

GPS-apparaten waardevol zijn voor het verkrijgen van positionele informatie in 

epidemiologische studies, maar potentiёle fouten moeten wel overwogen worden voor 

omgevingsfactoren die sterk kunnen variёren binnen een afstand van een paar meter 

(zoals RF-EMV). Een overzicht van validaties van diverse RF-EMV verspreidingsmodellen 

laat zien dat geen van de modellen in staat was om de absolute RF-EMV van mobiele 

telefoonzendmasten accuraat te voorspellen. Echter, een aantal modellen was in staat om 

met een redelijke betrouwbaarheid de blootstelling te ordenen en classificiёren. Voor 

ruimtelijke modellen is de beschikbaarheid en kwaliteit van de invoerdata belangrijk. We 

hebben aangetoond dat vooral de invoerdata die bepaalt of de ontvanger in zicht is van de 

antenne belangrijk is om betrouwbare modelvoorspellingen met NISMap te maken. 

Daarnaast is het belangrijk om rekening te houden met de mobiliteit van de bevolking om 

de validiteit van verspreidingsmodellen te bepalen; in epidemiologische studies wordt 

namelijk vaak de blootstelling van de studieparticipanten bepaald op basis van één locatie 

waar de persoon veel tijd doorbrengt, zoals de slaapkamer. Mensen zijn zelden alleen 

maar op deze plek, maar het is erg lastig om voor alle locaties waar een persoon zich 

bevindt de blootstelling te bepalen. Daarom wordt vaak de blootstelling op één locatie als 

indicator gebruikt voor de totale blootstelling van die persoon. Om deze afname in 

modelnauwkeurigheid (door de totale individuele blootstelling met gemodelleerde 

blootstelling op één vaste locatie te bepalen) hebben we  persoonlijke metingen over een 

hele dag vergeleken met modelvoorspellingen. Dit leverde een lage Spearman correlatie 

van 0.36 op. Er is dus een sterke misclassificatie, waardoor grote epidemiologische studies 

nodig zullen zijn om mogelijke gezondheidseffecten te bevestigen dan wel te weerleggen. 

In onze laatste analyse hebben we bepaald of het NISMap model een gesimuleerd 

gezondheidseffect kan voorspellen. We vonden een attenuatie van 70% in de 

risicoschattingen wanneer we de blootstelling als een continue variabele modelleerden 

(i.e. ‘klassieke’ fout). De attenuatie was veel lager wanneer we de blootstelling in drie 

categorieёn opdeelden, gebaseerd op de < 50, 50-90 en >90 percentielen, maar de 

statistische significantie van de resultaten was lager (i.e. ‘Berkson’ fout).  
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Dit proefschrift laat zien hoe de nauwkeurigheid en onzekerheid in een ruimtelijk 

blootstellingsmodel gekwantificeerd kan worden. Met deze informatie kunnen zowel de 

geschiktheid als de limitaties van het blootstellingsmodel voor gebruik in milieu-

epidemiologie beoordeeld worden, wat uiteindelijk de betrouwbaarheid van 

epidemiologische studies vergroot. 
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Dankwoord 

Aangezien het dankwoord voor velen vaak het enige gelezen hoofdstuk is heb ik even 

getwijfeld of ik alle bedankjes door het proefschrift heen zou verstoppen, zodat men 

alsnog door het boekje heen moet spitten. Uiteindelijk heb ik toch voor een overzichtelijk 

dankwoord achterin het proefschrift gekozen om de lezer tegemoet te komen.   

Als eerste wil ik mijn begeleiders bedanken. Hans, ook al heb ik elke keer voor de 

Spearman correlatie gekozen, jouw advies heb ik altijd zeer gewaardeerd en doorgaans 

wel opgevolgd. Dankzij jou werden de hoofdzaken niet uit het oog verloren en bleef de 

epidemiologische focus behouden. Roel, ik sta na ruim vier jaar nog elke keer versteld van 

jouw snelle inzichten over vrijwel elk onderwerp dat de revue heeft gepasseerd. Een uur 

overleg was voldoende om belangrijke knopen door te hakken en grote stappen te zetten 

naar de uiteindelijke resultaten. Anke, ons wekelijkse overleg was altijd leerzaam, gezellig 

en bovenal motiverend om weer door te gaan. Daarnaast stond je deur ook de rest van de 

week open, waar ik misschien wat te vaak gebruik van maakte om zowel mijn positieve als 

negatieve bevindingen te delen. Jouw houding en werkwijze staan voor mij synoniem voor 

een goede onderzoeker; nauwkeurig, bescheiden, geduldig, kritisch en nieuwsgierig. 

Verder wil ik ook graag mijn voormalig begeleider, Gerard Heuvelink, bedanken. Gerard, 

dankzij jou ben ik enthousiast geworden over onderzoek en kan ik geen wetenschappelijke 

discussie voeren zonder over onzekerheid en Monte Carlo simulatie te beginnen. Ik vond 

het heel mooi om voor het laatste artikel nog éénmaal samen te werken, waardoor we 

nog een paar keer als vanouds  hebben kunnen sparren in Gaia (en de Vlaamsche Reus..).  

Alfred, thank you for all your time and patience in explaining the exposure modelling from 

base stations. Without your expertise and help I would not have been able to tackle this 

challenging subject. It has been a great pleasure working with you. 

Natuurlijk wil ik al mijn IRAS-collega’s bedanken, welke teveel zijn om op te noemen 

zonder een paar mensen te vergeten. Ik ben dankzij jullie altijd met plezier naar mijn werk 

gegaan. De koffiepauzes, kamergesprekken, lunchwandelingen, etentjes, uitjes, etc. 

zorgden voor belangrijke afleiding tijdens de soms eentonige en lange dagen achter de 

computer (ja, daar kan zelfs ik genoeg van krijgen). Daarnaast kon ik ook nog op een 

gezellige manier aan mijn conditie werken met het hardloopgroepje: Denise, Tom en 

Virissa. Ook mijn collega’s in de Green Room wil ik hier nog even apart noemen: Astrid, 

Marianne, Gijs, Kristel en Annemarie, jullie maakten van onze kamer in Nieuw-Gildestein 

een fantastische werkomgeving. 



 

169 

Als GIS-onderzoeker is toegang tot de nieuwste GIS-software en data natuurlijk 

onontbeerlijk, en ik heb het geluk gehad dat ik hierbij hulp heb gekregen van de Faculteit 

Geowetenschappen. Maarten, jouw goudmijn aan ruimtelijke data, de ter-beschikking-

stelling van tientallen GIS-workstations en de verspreiding van de nieuwste software 

hebben mij enorm geholpen. 

Zonder de nodige ontspanning, bij voorkeur met een goed glas bier en goede vrienden, 

was mijn PhD tijd een stuk minder aangenaam geweest. Hans, dankzij onze borrels in de 

betere Utrechtse kroegen kon ik altijd mijn hart luchten over Python, geoprocessing en 

remote sensing, onderwerpen waar mijn IRAS-collega’s niet op zaten te wachten. Ik hoop 

dit in Rotterdam voort te zetten! Erik, ondanks dat we elkaar minder vaak kunnen zien ben 

ik heel blij dat onze band er niet minder op is geworden. Mijn tripjes naar Brussel zijn stuk 

voor stuk memorabel. Koen, al meer dan 15 jaar kijk ik nog elke keer uit naar onze 

borrelavonden en vakanties, waarbij ik soms zelfs nog wat inspiratie voor mijn PhD heb 

opgedaan. Nu nog een goed bruin café in Arnhem vinden.  

Beste broertjes en paranimfen, Michiel en Menno, ik ben erg blij dat ook ik uiteindelijk in 

het Utrechtse ben beland, zodat we vaak konden afspreken. De woensdaglunch in het 

UMC, de borrels in Buurten, koffie op zondagmiddag en de etentjes aan de 

Oudwijkerveldstraat en Tolsteegsingel waren altijd geslaagd, en ik heb er alle vertrouwen 

in dat de Beekhuizen-broers op elkaar kunnen blijven bouwen. Michiel, je bent me net 

voor geweest en hebt de lat hoog gelegd voor mijn verdediging. Gelukkig is mijn h-factor 

vooralsnog hoger, ik ben benieuwd of dat zo blijft. Ik kijk er naar uit om gedrieën de 

Senaatszaal te betreden. 

Oma, uw positieve en actieve levenshouding zijn voor mij altijd inspirerend geweest en, 

naast het heerlijke eten, de voornaamste reden dat ik altijd met veel plezier langskom in 

Wageningen. 

Uiteraard wil ik ook mijn ouders bedanken. Jullie hebben mij op een positieve manier 

meer gevormd dan ik dacht. Ik vind het fantastisch dat jullie de keus hebben gemaakt om 

naar het noorden van het land te verhuizen. Eindelijk de ruimte, een grote tuin en zelfs 

een boot om de Friese meren te verkennen. Ook al is de afstand groter, ik weet dat ik op 

jullie kan rekenen als het nodig is. 

Annemieke, in mijn onderzoek speelt onzekerheid altijd een grote rol, maar sinds ik jou 

heb ontmoet gelukkig niet meer in mijn leven buiten het onderzoek. Onze verloving is 

hiervan het ultieme bewijs. Ik kijk erg uit naar onze toekomst samen!  
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