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Summary

This study aims to give insight into a method to create patient specific scanning protocols to
improve possibilities for clinical magnetic resonance imaging (MRI) scans in deep brain stimula-
tion (DBS) patients. In these patients, radio frequency heating around electrodes poses mayor
safety concerns [1]. To evaluate safe scanning parameters, a modelling strategy is applied and
validated in a phantom.

The key scanning parameter evaluated in this paper is the repetition time (TR): the interval
between two consecutive excitation pulses. Increasing TR allows more heat dissipation, resulting
in a lower end temperature. However, increasing TR also increases overall scan time. To remain
clinically viable, the scan time cannot be extended indefinitely. A predictive model allows for
the selection of an optimal TR that ensures scan safety while not unnecessarily prolonging the
scan time.

The model comprises two main components: calibration data and a scaling parameter. The
calibration data provides the general shape of the heating curve. To obtain this, an agar phan-
tom is scanned. The obtained curve features the temperature over time for a given sequence
and configuration, which can be scaled to conform other sequences and configurations. To ac-
curately scale the calibration curve, the orientation-specific heating is quantified using a 3D
Gradient Echo scan. By analysing the location of the transmission magnetic field null artifact
relative to the electrodes, the induced current is determined [2]. The power deposition of this
current causes the RF heating, commonly represented using the Specific Absorption Rate (SAR).
Knowledge on the magnitude of the induction current provides the necessary scaling factor.

Scaling the curve provides rapid and accurate data relating repetition time to tissue heating.
By abstaining from computationally heavy simulations, the model can give quick feedback to en-
sure smooth MRI operation. To maintain accuracy, calibration data is to be obtained from high
resemblance anthropomorphic phantoms or cadavers using clinically representative sequences,
such as low-SAR (Siemens). Combined with RF heating mitigation strategies, this model could
prove vital for improving clinical MRI scan accessibility for DBS patients.

2



Samenvatting

Deze studie tracht inzicht te geven in een methode om patiëntspecifieke scanprotocollen te
creëren om klinische toepasbaarheid van MRI-scans in diepe hersenstimulatie (DBS) patiënten
te verbeteren. Bij deze patiënten vormt radiofrequente opwarming een veiligheidsrisico [1]. Om
veilige scanparameters te vinden, wordt een model toegepast en gevalideerd in een fantoom.

De belangrijkste scanparameter die in dit artikel wordt geëvalueerd, is de repetitietijd (TR):
het interval tussen twee opeenvolgende excitatiepulsen. Het verhogen van de TR laat meer
warmteafvoer toe, wat resulteert in een lagere eindtemperatuur. Het verhogen van de TR ver-
lengd echter ook de totale scantijd. Om klinisch relevant te blijven, kan de scantijd niet oneindig
verlegt worden. Een voorspellend model geeft de mogelijkheid om een optimale TR te kiezen
die veiligheid biedt en de scantijd niet onnodig laat oplopen.

Het model bestaat uit twee hoofdcomponenten: een kalibratiecurve en een schaalparameter.
De kalibratiedata geeft de algemene vorm van de te voorspellen verwarmingscurve. Om deze te
verkrijgen, wordt een agar-fantoom gescand. De verkregen curve geeft temperatuur over tijd weer
voor een gegeven sequentie en configuratie, deze kan worden geschaald naar andere sequenties en
configuraties. Om de kalibratiecurve accuraat te schalen, wordt de oriëntatiespecifieke verwarm-
ing gekwantificeerd met behulp van een 3D Gradient Echo-scan. Door de locatie van het zend
magnetisch veld nul-artefact ten opzichte van de elektroden te analyseren, wordt de gëınduceerde
stroom bepaald [2]. Het vermogen van deze stroom die als hitte het weefsel inkomt, veroorzaakt
de RF-verwarming. Deze opwarming wordt vaak aangeduid met de Specific Absorbtion Rate
(SAR). Kennis van de magnitude van de inductiestroom levert de benodigde schaalfactor op.

Het schalen van de curve biedt snel en nauwkeurig inzicht met betrekking tot repetitietijd en
weefselverwarming. Door computationeel zware simulaties te vermijden, kan het model snelle
feedback geven om soepel MRI gebruik te bevorderen. Om de nauwkeurigheid te behouden,
moeten kalibratiegegevens worden verkregen van gedetaillieerde antropomorfe fantomen of ka-
davers met behulp van klinisch representatieve sequenties, zoals low-SAR (Siemens). Gecom-
bineerd met strategieën voor het beperken van RF-verwarming, kan dit model een cruciale rol
spelen in het verbeteren van klinische MRI-scan toegankelijkheid voor DBS-patiënten.
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Chapter 1

Introduction

Deep Brain Stimulation (DBS) is an invasive neurosurgical intervention for severe psychiatric
and movement disorders such as Parkinson’s disease, dystonia, treatment-refractory obsessive-
compulsive disorder and more [3, 4]. First approved in 1990, the DBS apparatus consists of
implanted electrodes that are connected to an implantable pulse generator via subcutaneous
leads. The pulse generator sends electric pulses to specific deep brain nuclei. Hitting the exact
stimulation location is crucial, missing by a millimetre can result in poor clinical outcomes [5].
DBS patients can significantly benefit from Magnetic Resonance Imaging (MRI), not only for
electrode localization, but also for postoperative treatment monitoring [6, 7]. However, MRI
scanning can pose a risk of permanent tissue damage in subjects with a DBS systems [1, 8].
MRI relies on the use of high energy radio frequency (RF) pulses to excite spins of hydrogen
atoms. These RF magnetic fields can induce a current in conductive structures, such as DBS
leads, leading to tissue heating. While energy deposition of these pulses occurs during normal
scans, the DBS electrode greatly enhances the process. This is known as the ’antenna resonance
effect’ and is heavily influenced by the orientation of the electrode within the magnetic field [9].
This inherently presents us with a problem. How does one make a high resolution MRI scan
while mitigating heating of the tissue caused by the electrodes?

Various solutions have been proposed, ranging from redesigning or altering the materials
of the DBS system [10, 11], electric field tailoring [12, 13] to lowering the specific absorption
rate (SAR) through RF shimming [14]. Regardless of all effort, no universal method has been
established [15]. As orientation of the DBS electrodes varies largely between patients, a ’one-
size-fits-all’ solution is not easily found. It is therefore beneficial to aim for a patient specific
solution. In order to accomplish this, models are needed to predict the RF heating in individual
patients. A possible strategy could be by characterising the induction current that inherently
causes the RF heating. This can be accomplished using a low SAR gradient echo (GRE) [2, 15].
Information on the induction current can be used to simulate the heating around the electrodes
and even mitigate it. Current models allow accurate temperature prediction [16], but do not
integrate it to find personalized excitation settings for safe clinical scanning.

In this paper, a model will be constructed to relate the induced current to RF heating in-
duced in a DBS configuration. This model can be used to predict heating for different MR
sequences, and enable a personalized safety margin to be implemented in the clinical protocol
[15]. Safe scanning parameters produced by the model can directly be incorporated to scan
a patient with little time delay. This prompts the following research question: ”How can we
rapidly predict sequence-specific RF heating in DBS patients, and derive a personalized safety
limit and associated MR acquisition parameters?”
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Chapter 2

Materials

Creating a model that can predict RF heating to enable safe clinical MRI scanning in DBS
patients requires experimental data. This data is needed not only to validate the model, but
also to calibrate it, the importance of which is highlighted in section 3.2.5. To acquire said data,
a patient mimicking DBS phantom is constructed, details of which are described below. The
phantom is scanned with various sequences (Table 3.1) using a 1.5T MRI scanner.

2.1 DBS Lead

In this study two DBS electrodes (Vercise Cartesia Directional, DB-2202, Boston Scientific,
Marlborough, MA) are used to evaluate the RF heating. Each lead consist of 8 contact points:
6 directional and 2 ring electrodes. Additionally, the lead contains a marker which allows ori-
entation evaluation based on CT imaging. [17]

Figure 2.1: Boston Scientific Vercise Cartesia Directional lead DB 2202-30. Two ring (1&8)
and 6 directional (2-7) electrodes. On the right a marker (denoted with * ) to evaluate lead
orientation based on CT imaging. [17]

2.2 Phantom Details

Using anthropomorphic phantoms is common practice in MRI research, where they are often uti-
lized in sequence development, safety assessments and model calibration/validation. To produce
valid results, it is critical these phantoms accurately mimic MRI-tissue interactions [6, 15, 16].
Parameters that typically require close resemblance are the dielectric properties, relaxation
times, magnetic susceptibility and diffusive properties [18]. The phantom applied in this study
consist of a head compartment as well as an upper torso. Both parts are 3D printed based on
computer tomography images of a patient with a DBS system. The images were supplied by
Northwestern University [6]. The skull is filled with gel, while the torso is filled with a saline
solution. Both compartments are described in detail below.

2.2.1 Phantom Head

The skull model (Figure 2.2) was printed in two coronal halves using clear resin (Clear Pho-
topolymer Resin V4, Formlabs, Berlin, Germany [19]). The halves were glued together and filled
with gel.
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Gel Filling
To obtain realistic results the dielectric properties of the gel must resemble that of brain tissue.
The dielectric properties of grey and white matter at 1.5T (63.87 MHz) [20] are σ = 0.51 S/m,
ϵr = 98 and σ = 0.29 S/m, ϵr = 68 respectively [21]. As the gel used is homogeneous; no
distinction can be made between grey and white matter. A gel with electrical conductance of
σ = 0.32 S/m and a permittivity of ϵr = 57.3 is used to fill the skull [18].

Materials used to synthesize such gels are agar or agarose with saline solutions (Sodium
Chloride NaCl) and permittivity lowering components, [6, 12, 15, 18] to which copper sulphate
(CuSO4) may be added to reduce T1 relaxation time [16]. Increasing gelling agent concentration
reduces thermal conductivity [18, 22], while increasing salt levels increases electrical conductiv-
ity. To lower the permittivity, alcohol, sucrose, or polymers may be used [23]. In this phantom,
polyvinylpyrrolidone (PVP) is used. PVP decreases the effect NaCl has on the electrical conduc-
tivity, thus a higher concentration must be used to achieve the same result [23]. Experimental
data from the University of Leiden suggests that 70% PVP10 (Sigma Aldrich, the Netherlands
[24]) and 1% NaCl (both w/w) are ideal [18]. This, in combination with 1.5% of agarose, results
in an adequate gel of which 1.9 litres are used to fill the skull [6, 12, 16].

Figure 2.2: The model of the skull (left), the nasal cavity is filled up. In the middle, the model
of the torso in which the skull is placed. A hose connection allows for easy drainage. A grid
(right) is used to hold the skull in place. The finished phantom is depicted in Figure 2.6.

Electrode Orientation
In clinical settings, the electrode orientation comes very precise [5]. Different nuclei can serve as
the target such as the Subthalamic Nuclei (STN), Globus Pallidus Interna and Caudate Nuclei
[25, 26]. These areas are highlighted in Figure 2.3. As this phantom is a proof of concept, any of
the above-mentioned areas is regarded a suitable location. The tips of the phantom DBS leads
ended in the Subthalamic Nuclei.

Defining the entry-point through the skull leads to a fully constrained electrode trajectory
(since it follows a straight line). Appropriate entry points can be seen in Figure 2.4. The bore-
holes in the phantom have a diameter of 3 mm.

7



Figure 2.3: Coronal view of the human brain. Areas for DBS stimulation include the Subthalamic
nucleus, Globus Pallidus Internal and Caudate Nucleus [25, 26, 27].

Figure 2.4: Borehole locations for treatment of Parkinson disease targeting the STN. On the
left, an MRI scan taken during operation to assist alignment, right a post-operative MRI scan.
Using these two images, the point of entry is defined. [28]

2.2.2 Phantom Torso

A torso was incorporated into the phantom mainly for two reasons. Firstly, the torso may influ-
ence the transmit RF field of the body coil [18]. Even if a head/neck coil is used as receiver, the
torso still falls within the transmit RF field (Figure 2.5). Secondly, the antenna resonance effect
on the electrode only appears when the size of the electrode is roughly half a wavelength. In air,
the required lead length is almost 2 meters. However, as the magnetic waves propagate through
the air into the human tissue, their wavelength shortens. Resonance will therefore occur at lead
lengths around 20 centimetres [9].

The torso model is made of ABS through solid infill fused deposition modelling. It is printed
as a single body (Xometry Europe, Germany [29]). A layer of epoxy is applied to the inside of
the compartment to make the torso waterproof. To keep the head in place, a grid is fixed to
the torso head compartment. Four pins from the back of the skull slide into this grid, ensuring
consistent placement within the torso. An image of the setup is presented in Figure 2.6. To
ensure phantom mobility, the torso design includes an outlet. This way the 18 litre torso can
be filled while on the MRI table, and emptied after scanning [6]. The heating of the phantom
was monitored in real-time using two fibre-optic temperature probes (see Figure 2.6)
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Figure 2.5: The transmit RF field of a body coil. When scanning the brain, the torso is partially
inside the field as well. Hot spots appear near the edges of the coil.[30]

Figure 2.6: The phantom under the Siemens 20 channel head/neck scanning coil (left). The
optical fibres are positioned at the tip of the leads (middle). The optical fibres penetrate the
skull on the caudal end (right). Inside the skull they cross over to reach the lead at the opposing
side to preserve lead orientation.
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2.3 Thermometer

The two fibre-optic temperature probes are positioned at the tip of either lead (Figure 2.6) and
connected to a TempSens signal conditioner [31]. The OpSense Solutions OTP-M temperature
sensors have a calibrated range of 20-45 ◦C [32]. The signal conditioner has a similar operating
temperature between 10-45 ◦C. This equipment is depicted in Figure 2.7.

Figure 2.7: The Tempsense (OpSens) thermometer with a sampling frequency of 50 Hz, a
resolution of 0.1 ◦C and 0.3 ◦C accuracy (left). The tip of the OpSense Solutions OTP-M
temperature probe (right). [31, 32]
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Chapter 3

Methods

3.1 Phantom MRI measurements

The phantom was scanned using a Siemens Magnetom Aera 1.5T located at the University of
Twente. Imaging was done using a body transmit coil and a 20 channel head/neck TIM (total
imaging matrix) receiver coil (Figure 2.6). The phantom was placed in a supine position and
entered the MRI head first.

3.1.1 Scan Protocols

Several scans were made including a GRE-pre-scan, various Fast spin echoes (FSE) and a
lowSAR scan. Here, the GRE-pre-scan is used to evaluate the induced current. Three con-
figurations were tested. In these configurations, the lead to the DBS electrode was positioned
differently. The parameters for the scans are presented in table 3.1.

Configuration 1 Configuration 2 Configuration 3

Parameters FSE Cal FSE 1 FSE 2 FSE 3 lowSAR FSE lowSAR FSE lowSAR

TE [ms] 81 81 81 81 92 81 92 81 92

TR [ms] 2000 6000 4000 3000 7000 4000 6300 4000 4000

Flip angle [degrees] 150 150 150 150 120 150 120 150 120

B1
+rms [µT ] * 1.7 2.1 2.6 1.1 2.1 1.2 2.1 1.4

RF power [W ] 106.1 35.4 53 70.7 11 52.3 12 52.3 18.9

Acquisition time [s] 600 300 200 150 168 200 150 200 90

Heating [◦C] 22.3 6.2 8.8 10.9 1.5 8.0 1.5 6.5 2.2

Table 3.1: Table of sequence parameters for FSE and lowSAR scans in the tested configurations.
Note that the value marked with an asterisk * was not recorded during the experiment.

3.1.2 Temperature measurement

To evaluate the heating process, the temperature was measured in real-time throughout the
FSE-scans as well as several minutes after the scan took place. Before scanning again, the
temperature was allowed to return to a baseline of approximately 22 degrees Celsius. Over
the course of various scans, the phantom baseline temperature increased by 1.2 degrees. To
compensate, the temperature curves were always determined with respect to their baselines.

3.2 Model

A model can be used to predict heating at the electrodes to find safe scanning parameters. Basic
principles used in the model are first verified using a simplified thermodynamic equations model.

3.2.1 Pennes Bioheat Equation

Since its introduction in 1948, Pennes Bioheat equation has been utilized countless times in
thermodynamic simulation that involve biological tissues [33, 34]. A recent Nature article on
numerical simulation of RF heating of DBS implants employs it to calculate potential heating
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[35]. In the context of this paper, the Bioheat equation is expressed as the following:

ρCp
∂T

∂t
= K∇2T + ρ · SAR− b · (T − Tb)

∣∣ (x, y, z) ∈ R3, t ≥ 0 (3.1)

With boundary condition:

K
∂T

∂n
= −h · (T − Ta) (3.2)

Formula 3.1 describes the temperature change over time t. Here, ρ is density, Cp specific
heat and K thermal conductivity of the tissue. The SAR term incorporates the RF heating
at the electrodes. To simplify, heat loss due to blood flow b with blood temperature Tb is not
included in the model (Equation 3.5). The boundary condition incorporates the heat-transfer
coefficient h and the ambient temperature Ta to describe the changes in temperature T for a
unit vector n normal to the surface.

3.2.2 Bioheat Equation Model

The following numeric model (Model 1) is inspired by the paper of fellow students and shows
linearity, a concept later used in the minimum TR prediction model (Model 2, section 3.2.4).
To model the heat dissipation from a point source in a homogeneous medium, such as an agar
gel, formula 3.1 can be rewritten numerically.

A continues space-time function F (x, y, z, t) can be written as F (iδx, jδy, kδz,mδt), where
δ is the cell (the discretized element) size and δt is the incremental time step. The cell size is
chosen uniform in every direction, δx = δy = δz = δ. Therefore, the Laplacian of the tempera-
ture ∇2T in the i direction can be written as:

∇2T (i, j, k)ii =
1

(iδ)2
(T (i+ 1, j, k) + T (i− 1, j, k)− 2T (i, j, k)) (3.3)

Here, the i + 1 denotes a cell positioned right of the currently calculated, and i − 1 a cell
on the left. By using −2T (i, j, k) the difference in heat is calculated. The same process can be
applied to all directions:

∇2T (i, j, k) =
1

δ2

[
T (i+ 1, j, k) + T (i− 1, j, k) + T (i, j + 1, k)

+T (i, j − 1, k) + T (i, j, k + 1) + T (i, j, k − 1)− 6T (i, j, k)

] (3.4)

Substituting ∇2T into formula 3.1 for a homogeneous medium (no position variance or blood
flow) the finite difference approximation becomes:
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Tm+1(i, j, k) = Tm(i, j, k) +
δt

ρCp
Q+

δt ·K
ρCpδ2

·
[
T (i+ 1, j, k) + T (i− 1, j, k) + T (i, j + 1, k)

+T (i, j − 1, k) + T (i, j, k + 1) + T (i, j, k − 1)− 6T (i, j, k)

] (3.5)

Here, each cell is constructed using its previous temperature, the heat source Q and the
heat transfer from its neighbours. The original model was constructed in MATLAB, however
the model did not use matrix computations and the calculations required significant processing
time. In this research, the existing model was sped up significantly using matrix computations
rather than computing for every point. The boundary conditions for the x direction boils down to

Tm+1(imin, j, k) =
KT (imin + 1, j, k)

K + hδ
+

Tah+ δK

K + hδ
(3.6)

Boundary conditions for both y and z directions can be computed similarly from formula 3.2.

3.2.3 Linearization

Using the model above, the temperature distribution can be determined for various input powers
Q. From the temperature profiles, it becomes clear that, for a given moment in time, the heat
follows the same distribution pattern. An illustration of this is provided in Figure 3.1. All the
left 4 figures appear identical, but differ only in the intensity, as depicted by the colour bars. The
power of the heating source only introduces a factor by which the heating is multiplied. Because
the distribution patterns are identical, linearization of the heating process can be used to pre-
dict the temperature distribution for any power based on knowledge of the heat distribution at
another power. This process requires only matrix scalar multiplications rather than a complete
simulation, meaning the computation is sped up tremendously. The acquired relation holds for
high power inputs (Q > 105), at which the error between the model and linear approximation
remains well below 10−6 degrees Celsius.

13



Figure 3.1: Temperature at the central slice for various power inputs, t = 900s (left). For visual
clarity the simulation is run for an 11 sized cubic matrix rather than the actual 101 sized cubic
matrix. A cross-section of the slice is depicted on the right, the Power 4 line is exactly four
times the Power 1 line.

3.2.4 Minimum TR Prediction Model

Based on the linearity concept shown in Model 1, another model (Model 2), is constructed.
This model takes in the induced current, which a Gradient Echo pre-scan provides. Based
on this information and calibration data, the simulation ultimately predicts the temperature
and compares it to a set maximum safe heating value (e.g. 2 degrees Celsius). It then returns
the minimum TR needed to keep the heating caused by the sequence below that maximum value.

Certain principles govern Model 2. First and foremost, the power scaling concept of Model
1 (Figure 3.1) is utilized. The data of a longer period calibration scan can be scaled to calculate
the temperature at other repetition times. This is clear from the following relation:

Model 1 linearization showed that for any point (x, y, x), at a given moment in time:

Temp(P2) = Temp(P1) ·
P2

P1
(3.7)

Where P2 is the power of scan 2 and P1 the power for the calibration. Simply put, if one
doubles the power, one doubles the temperature. A similar relation can be conducted for the
TR using:

P ∝ 1

TR
(3.8)

And thus, when doubling TR, the temperature is halved conform the following relation:

Temp(TR2) = Temp(TR1) ·
TR1

TR2
(3.9)
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Another principle explored in the model is that the run time of the scan is the TR multiplied
by the number of phase encoding steps (Npe). This follows from the scanning mechanism of
the MRI itself, in which each ’line’ in the image plane is phase encoded and scanned separately.
Simply put, the runtime is defined as:

runtime = TR ·Npe (3.10)

Combining knowledge of both principles, a simulation can use calibration data to determine
the temperature at TRx and scan time tx (given parameter Npe):

Temp(TRx) = Temp(TR1, tx) ·
TR1

TRx

∣∣∣∣ tx = TRx ·Npe (3.11)

To find a scan where the end temperature stays below the given boundary temperature, the
model iteratively adjusts from a base value. Shortly put, the model uses information of past
calculations to narrow the TR boundaries within which the desired TR may be found. The TRx

for which the temperature is determined will be given by:

TRx =
UB + LB

2
(3.12)

Where UB and LB denote the upper and lower bound respectively. After each attempt, the
boundaries are adjusted based on the outcome temperature. If the temperature surpassed the
max temperature, the new upper bound is the previous TRx. Similarly, if the temperature was
below the max, the new lower bound is set to TRx. In this manner, the TR for which the
max temperature is reached is found promptly. Conform the Binary search algorithm [36], the
maximum number of guesses (g) needed is given by:

g = ⌈log2 n⌉ (3.13)

Here n is the size of the data scope. For example at TR = 6000ms, with an accuracy of 1ms
this means the max number of guesses needed is 13. A visual representation of the calculation
process is depicted in Figure 3.2.
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Figure 3.2: The iterative process of estimating a suitable TR value. Here, a boundary temper-
ature of 5.00 degrees is chosen. The minimum TR value is a repetition time of 8350 ms.

3.2.5 Calibration Versatility

Calibration scans are long and too SAR intensive to be acquired from a patient. Therefore,
they must be made beforehand on an anthropomorphic phantom or cadaver. To translate the
calibration from the configuration of the phantom/cadaver to that of the patient, one additional
step is required. The calibration is scaled using the induced current data from the GRE scan
(Appendix A). Namely, the resulting heating power is proportional to the square of the induced
current: P ∝ I2. Therefore, if the induced current is doubled, the calibration curve must be
quadrupled to suit the new situation.

Figure 3.3: An example of how a calibration line can be used to predict the end temperature
at other TR’s. Note that the calibration was scanned using 6 consecutive sequences with a TR
of 2000 ms, resulting in large heating. For illustrative purposes, only the first 350 seconds of
the calibration scan are depicted. A scaling factor of 1

2 can be found between TR 2000 and TR

4000 using TRcalibration
TRdesired

. Similarly, the other scaling factors are found to be 2
3 and 1

3 .
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Chapter 4

Results

4.1 Phantom Results

4.1.1 GRE scan

Figure 4.1: Cropped 3D GRE-scan images. Left to right configurations 1, 2 and 3 respectively.
Induced current can be evaluated using a script of University of Twente (see appendix A) [15].

Configuration 1 2 3

Relative Iinduced 100% 95.1% 84.5%

Relative Power 100% 90.5% 71.4%

Table 4.1: The induced currents relative to the current experienced in configuration 1. The
relative power, which is the square of the relative current, is used to scale the calibration curve
obtained in configuration 1. The scaled calibration curve is used to predict the temperature for
other configurations (Figure 4.4).

17



4.1.2 Configurations

Figure 4.2: Unfiltered experimental data from configuration 1. A zigzag artefact follows the
frequency of the repetition time. When the scanner is pulsing, the temperature rapidly increases.
During the waiting period, the temperature decreases. At lower TR’s, the frequency of the zigzag
increases accordingly. Visible on the calibration line is another artefact. Here, the TR is close
to the sampling frequency of the temperature probes. The sampling going in and out of phase
causes an extra frequency to be multiplied with the zigzag artefact.

Artefacts are caused by the TR and sampling frequency, as shown in Figure 4.2. These
artefacts are undesired when applying the calibration curve to predict temperature curves for
other sequences. Therefore a filter is applied that removes the undesired frequencies and smooths
the curve using a moving average (Figure 4.3). Details are provided in appendix B.

LowSAR
The lowSAR (Siemens) sequences use max excitation pulse amplitudes, which results in lower
heating. A factor of around 3 is found between a lowSAR and normal FSE for the same
configuration and TR. This factor is used in the prediction of the lowSAR temperatures in
Table 4.2 and Figure 4.5.

18



Figure 4.3: Left, scan data for configuration 1. Note that the repetition time of the calibration
and lowSAR scan are 2000 ms and 7000 ms respectively. On the right, the scan data for
configuration 2 and 3. The lowSAR scans used a repetition time of 6300 ms and 4000 ms
respectively (see Table 3.1).

4.2 Model Results

Using the calibration and the induced current values (see table 4.1), the heating curves are
predicted for all configurations. Comparisons between actual data and predictions are displayed
below (Figure 4.4).

Figure 4.4: Heating curve predictions and their measured counterparts. Note that for configu-
ration 1 and 2, the prediction shows high conformity to the measured data. For configuration
3, the lines start diverging after approximately 150 seconds.
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Parameters Configuration 1

TR [ms] Scantime [s] TFSE [◦C] TlowSAR [◦C]

3400 170 10 3.3

3600 180 9.5 3.2

3900 190 9 3.0

4200 210 8.5 2.8

4600 230 8 2.7

5000 250 7.5 2.5

5400 270 7 2.3

6000 300 6.5 2.2

6600 330 6 2.0

7400 370 5.5 1.8

8300 420 5 1.7

9500 470 4.5 1.5

10900 550 4 1.3

Table 4.2: Temperature predictions for configuration 1 based on the calibration data. The
lowSAR sequence results in roughly 1

3 of the heating of the FSE. According to the prediction,
heating of 2 degrees in configuration 1 may be acquired with a lowSAR scan with TR > 6600
ms. Experimental data suggests this may be achieved with a lower TR (table 3.1).

Figure 4.5: LowSAR predictions made using induced current data (Table 4.1) to scale configu-
ration 1 calibration data. Given a maximum heating (e.g. 1.5 degrees), the associated repetition
times can be found. Depending on the configuration, the minimum TR may vary.
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Chapter 5

Discussion

Modelling RF heating in DBS patients to rapidly determine safe scan parameters may prove vi-
tal to facilitate clinical MR imaging on said patients. A method of predicting the minimum safe
repetition time was explored within this paper. By scaling calibration curves, large simulations
were avoided, thus speeding up the process. Calibration data was obtained from an anthropo-
morphic phantom of a head and torso, scanned at 1.5T. This calibration data was scaled using
details on the induced current provided by GRE scans. Scaled calibration curves were compared
to experimental data to validate the approach.

In this report, it was shown that scaling calibration data can provide an accurate estimation
of the heating process not only within a configuration, but it also translates to other configura-
tions. Using a low SAR GRE scan prior to the diagnostic scan, all necessary scaling data may
be acquired. A simple binary-search like algorithm can then rapidly find the minimum required
TR for a given sequence. The repetition time is calculated by the model in less than 10 ms
(excluding GRE scan interpretation), allowing quick incorporation into a scanning protocol.

Over the years, various simulations have been made of RF heating around DBS electrodes.
These simulations have been validated in phantoms, and recently in cadavers [37]. When aim-
ing for higher accuracy simulations, computation time may rapidly increase. For example, this
paper’s initial bioheat model was constructed for an 11 sized cubic matrix and had a run time
of mere seconds. When scaling this up to a 101 size cubic matrix, the computations became
tedious, especially when calculating for various powers and time periods. By improving the
code for the language used (MATLAB), computation time was significantly reduced. However,
by scaling calibration data instead, these computations may be avoided all together. So while
providing valuable information on the heating process, simulations lack the speed required for
clinical viability. Post-operative scanning desires a smooth workflow in which lengthy simula-
tions cannot take place. Additionally, high accuracy simulations require detailed information on
e.g. the DBS lead, information which may not be provided by the manufacturer. A calibration
scan does not require any sensitive information, but must be recorded for every lead type. As
the heating at the tip is generally speaking the only point of interest, storage space should not
be limiting.

As a calibration curve is used to predict other heating curves, discrepancies between the
experimental setup and the in vivo situation will be transferred to the results of the model.
To provide accurate and representative data, the phantom must express high levels of anthro-
pomorphism. While this paper’s phantom has an accurate shape and representative dielectric
properties, there are various differences from the in vivo situation.

Most obvious is the homogeneous nature of the phantom. The brain of the phantom is filled
with a single mixture rather than two separate ones representing white and grey matter. Addi-
tionally, the thorax is filled with a saline solution which does not represent the tissue transitions
around the lead as found in patients. The importance of representative layers was illustrated
by Bhumi Bhusal et al. (2021) while investigating the effect of subcutaneous fat on the heating
process [6]. Finally, heat perfusion through blood vessels is also not incorporated. Since perfu-
sion has a mitigating effect on the temperature of its surroundings, in vivo conditions may be
safer than measured in the phantom [38]. All in all, steps could be made to make the phantom
more anthropomorphic. However, as shown by Eryaman et al. the linearity concepts may also
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be projected onto cadavers [37]. This suggests that the proof of concept that this paper provides
may still be applicable in vivo.

It is important to note that, while the phantom included two leads and two probes, data
is only depicted of the anatomical left lead. This lead showed much greater heating than its
neighbouring lead. All relations hold and the scaling factors between the measurements are
maintained for both leads. However, as the right lead showed a heating of sometimes less than
10% of that of the left lead (both anatomically), the signal-to-noise ratio was unfavourable. The
difference in heating of the leads, was caused by different lead lengths, positions and orientations
in the RF field.

The model described in this paper aims to accurately predict the heating at the tip of the
electrode using calibration scan data. Unfortunately, the model loses accuracy when predicting
for sequences with long repetition times (TR 6000 configuration 1) as well as configurations that
experience little heating (configuration 3, Figure 4.4). This is likely because variables assumed
to be constant, vary slightly as the temperature increases. By making a calibration scan that
results in more clinically representative heating, this effect may be reduced. This is especially
important in vivo, where parameters such as blood perfusion may vary as temperature increases.

For a model to become clinically viable, various steps must be taken. Firstly, the model
must be validated extensively to ensure safety of the patients. Secondly, the model must be
fully automated. GRE scan images must be automatically loaded, processed, the calibration
scaled and safe parameters determined. Only then can the process be fast enough to ensure
smooth operation within scanning procedures. Additionally, models such as the one explored in
this paper find great benefit in collaboration with SAR minimizing simulations. Such simula-
tions can significantly reduce heating on bilateral DBS leads [2, 39]. Especially when one lead
experiences much more heating than the other, as a minimizing approach can even this out,
resulting in lower peak heating. This allows for safe, quick and high quality scanning for DBS
patients.
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Chapter 6

Conclusion

In this paper, a method of predicting RF Heating was explored for use in MRI scanning of DBS
patients. It was shown that the temperature is inverse linearly dependent on the repetition
time. A calibration measurement on a phantom may be used to predict heating, both in a single
electrode-lead-configuration, as in other DBS configurations. A low SAR 3D GRE-scan can
provide the necessary information to scale between these configurations. Combined with SAR
minimizing methods, a simulation as described in this paper may allow for safe and adequate
clinical MRI scans for DBS patients.
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Appendix A

Induced Current Method

The RF field used in MRI scanning can induce a current on metallic leads. This current is
responsible for the heating found at the tip of the electrodes in DBS patients. Characterization
of this current gives insight in the heating process and allows for mitigation strategies. Char-
acterization requires two aspects of the current, the magnitude and the phase. The phase gives
important information for mitigation strategies [2, 15], but serves no purpose in scaling the
calibration as done in this paper. Therefore, it is only briefly discussed below.

To find the magnitude and phase of the induced current, one can utilize the transmit null ar-
tifact (Txnull). As follows from the Maxwell equations, the induced current on the lead produces
a concentric magnetic field around the lead [40]. As the field strength decreases with distance
from the lead, there will be distance at which the magnitude of the induced field matches that
of the transmit field (B+

1 ). At the point where these fields are in opposite directions, they cancel
out, resulting in the Txnull artifact. The distance between the lead and the artifact r gives
insight in the magnitude of the current, while the angle ϕ the artifact makes (see Figure A.1)
communicates the phase.

Following from the Biot-Sarvart law, the analytical field solution over an infinite wire is [41]:

B =
µ0 · I
2π · r

(A.1)

Where B is the magnetic field strength perpendicular to the wire, µ0 the magnetic permit-
tivity in vacuum, I the current on the wire and r the distance from the wire. If the magnetic
field B is to cancel the transmit field B+

1 , then I must be [2]:

|Iind| =
|B+

1 |4πr
µ0

(A.2)

In order to find B+
1 , the magnetic field can be assessed underneath the tip of the electrode

following Eryamans work [2]. In this paper, the B+
1 are assumed constant. Therefore, since

the relative current is desired, various calculation steps are no longer required. The relative
induction current is then given by:

I1 = I0
r1
r0

(A.3)

Where I1 and I0 are the induced currents in the scan and calibration configuration respec-
tively. r1 and r0 are their respective radii in the GRE image.
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Figure A.1: A cropped GRE scan of the anatomical left lead in configuration 1. The lead is set
as the centre of the coordinate system, distances and angles are determined with respect to it.
The distance r carries information regarding the magnitude of the induced current. The angle
ϕ carries information on the respective phase.

28



Appendix B

Filter

As illustrated in Figure 4.2, the data requires processing and filtering. Aspects to address are
the baseline and the unwanted frequencies of the TR vibration and probe sampling artifact.

The baseline at which each measurement began is not constant. While 10 minutes was taken
to allow the phantom to cool, the start temperature of 21.9 degrees was not reached. To fairly
compare the data, the baseline was subtracted for each sequence. The resulting data therefore
showed the heating rather than the temperature of the sample. To calculate the baseline, the
temperature data (approximately 10 seconds prior to the start of the scan) was averaged.

In order to remove the undesired frequencies, the signal was filtered in the Fourier domain.
To preserve the shape of the function at the transition points, the signal was extended. This
means that it was zero padded at the start, and the final temperature value at the end of the scan
was extended briefly. Additionally, MATLAB’s moving average function (movmean of window
length 5) was used to further smooth the curve. Comparisons of the filtered and non-filtered
data are given below. In all cases, regardless of the heating (and thus signal-to-noise ratio), the
filter functions adequately.

Figure B.1: Comparison between measured (original) and filtered data. On the left, the cali-
bration scan at TR2000 in configuration 1. In the middle, the TR4000 scan in configuration 2.
On the right, the lowSAR of configuration 3.
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