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Neural Network Model for Estimation of the Induced Electric Field during
Transcranial Magnetic Stimulation
Abstract
Transcranial Magnetic Stimulation (TMS) is a non-invasive neuromodulation technique with applications
in brain mapping and effective neuronal connectivity. In its repetitive mode, it is used for the treatment of
neurological and psychiatric disorders. It functions on the principle of electromagnetic induction, where
generated magnetic fields (H-field) induce electric field (E-field) that stimulates the brain’s neurons. With
TMS studies, accurate estimation of the induced E-field is usually necessary. However, this requires a lot
of processes, including the three-dimensional head model generation from magnetic resonance images
(MRI) using the SimNIBS software and finite element analysis to calculate the induced E-field. These
processes are time-consuming and computationally expensive. Additionally, with each head model’s
uniqueness, outcomes cannot be generalized across a particular population as the intensity of E-field is
subject-specific. In this research, the authors develop deep convolutional neural network (deep CNN)
models to determine the intensity of the induced E-field directly from the patient’s MRI scan and across
different coil types. We trained CNN models from anatomically realistic head models and across 16 coil
types to predict the induced E-field in the brain and scalp (E-Max brain and scalp), and the volume of
stimulation of the brain and scalp (V-half brain and scalp) from T1-weighted MRI scans. Using a deep
CNN model, the processing time for estimating the induced E-field is significantly reduced, which is
helpful both to clinicians and researchers as the need to create subject-specific anatomical head
structures is eliminated. Also, there will be no need for additional stimulation sessions with the different
coil types for TMS patients as the deep CNN model can predict the outcome from each coil type. The
other advantage of the deep CNN model is that the E-field from the different coil types can be compared
simultaneously.
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Transcranial Magnetic Stimulation (TMS) is a non-invasive neuromodulation technique with applications in brain mapping and effective
neuronal connectivity. In its repetitive mode, it is used for the treatment of neurological and psychiatric disorders. It functions on the
principle of electromagnetic induction, where generated magnetic fields (H-field) induce electric field (E-field) that stimulates the brain's
neurons. With TMS studies, accurate estimation of the induced E-field is usually necessary. However, this requires a lot of processes,
including the three-dimensional head model generation from magnetic resonance images (MRI) using the SimNIBS software and finite
element analysis to calculate the induced E-field. These processes are time-consuming and computationally expensive. Additionally, with
each head model's uniqueness, outcomes cannot be generalized across a particular population as the intensity of E-field is subject-specific.
In this research, the authors develop deep convolutional neural network (deep CNN) models to determine the intensity of the induced Efield directly from the patient's MRI scan and across different coil types. We trained CNN models from anatomically realistic head
models and across 16 coil types to predict the induced E-field in the brain and scalp (E-Max brain and scalp), and the volume of
stimulation of the brain and scalp (V-half brain and scalp) from T1-weighted MRI scans. Using a deep CNN model, the processing time
for estimating the induced E-field is significantly reduced, which is helpful both to clinicians and researchers as the need to create subjectspecific anatomical head structures is eliminated. Also, there will be no need for additional stimulation sessions with the different coil
types for TMS patients as the deep CNN model can predict the outcome from each coil type. The other advantage of the deep CNN model
is that the E-field from the different coil types can be compared simultaneously.
Index Terms— Deep Convolutional Neural Network (Deep CNN), Induced Electric Field, MRI Scans, Transcranial Magnetic
Stimulation (TMS)

I. INTRODUCTION

T

ranscranial Magnetic Stimulation (TMS) is a non-invasive
method of stimulating the neurons of the brain. TMS is
based on Faraday's law of electromagnetic induction: a timevarying magnetic field is generated when pulses of current flow
through coils made from copper wires and plastic insulation
casings. This transient magnetic field (H-field), in turn, induces
an electric field (E-field) capable of activating the brain's
neurons [1].
TMS has been approved by the United States Food and Drug
Administration (FDA) for motor mapping and studying cortical
functions before surgeries and also for the treatment of
neuropsychiatric disorders such as major depressive disorders
(MDD) and obsessive-compulsive disorders (OCD). In its
repetitive mode, it is used for the treatment of spinal cord injury
and stroke. It is also currently been considered for the treatment
of Parkinson's disease and Alzheimer's [2]. TMS is also used as
a research tool for brain mapping and studying the structural
and functional connectivity of the brain's neurons [3]. There are
other methods for treating neuropsychiatric disorders, like drug
therapy and deep brain stimulation. However, these other
treatment methods are invasive, risky, or have specific side
effects [4].
The brain is very complex as the interaction between the
various neurons in the brain is complicated. Understanding the
complex interconnections between the brain's neurons and how
TMS impacts the broader functional network of the brain,
remains a research topic in neuroscience and TMS studies [5].
TMS treatment's effect and outcome vary with patients even

when stimulation is at the same anatomical location [6], [7].
One explanation for this uniqueness is the differing
neuroanatomy of the subjects, and the varying structural and
functional connectivity of the brain tissues, contributing to the
spatial variation of the induced E-field during TMS [8], [9]. The
response from individual subjects during TMS is also related to
the brain's oscillatory activity before and during treatment [4],
contributing to the temporal variation of the induced E-field
during TMS. Other variations may arise from the incorrect
targeting of the anatomical location, especially when navigated
TMS (nTMS) technique is not employed [10]. There are also no
neurophysiological measures to define the exact stimulated
location for each patient. Understanding the mechanism of
TMS, especially the spatiotemporal distribution of the induced
E-field, therefore, becomes crucial in TMS research and clinical
application. Techniques such as electroencephalography (EEG)
[11] and functional magnetic resonance imaging (fMRI) [12]
have been employed in various studies with TMS to observe the
propagation of the induced E-field in the brain. The need,
however, still arises for the quantitative estimation of the
induced E-field, especially for industries involved in the
manufacture and commercialization of TMS coils.
The study of the effect of varying coil design on the resulting
induced E-field is also crucial as ascertaining the safety of
patients and the effectiveness of TMS in treating
neuropsychiatric disorders is required [13]. With TMS coil
design, there is usually a trade-off between penetration depth
and focality. Achieving focality of the induced E-field is of
utmost importance in TMS treatment as this guides against
stimulation of non-target areas [14]. As conventional coil
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designs have only been able to stimulate superficial regions of
the brain, another factor for consideration in TMS coil design is
the rate of attenuation of the induced E-Field [15]. The
attenuation rate with conventional coils is relatively high;
hence, activation of the neurons cannot be achieved at great
depth. Achieving stimulation at great depth with conventional
TMS coils requires an increase in stimulation intensity [12],
which results in overstimulation of the tissues at the surface,
leading to severe side effects [16]. Coil design for deep
penetration will require that the induced E-field be delivered at
a sufficient intensity [15].
Coil geometry, positioning, and orientation with respect to
the brain tissues also influence TMS outcome [4]. Positioning
of TMS coils at different stimulation sites results in varying
modulating effects. Vink et al. confirmed that positioning of the
TMS coil at the motor cortex could activate neuroanatomical
regions correlated with motor activity as observed by the
movement of the subject's thumb. Studying the effect of coil
positioning during TMS is crucial as wrong/improper coil
positioning could lead to unnecessary brain tissue stimulation
[16].
Estimating the induced E-field during TMS requires a lot of
processes (as shown in Fig. 1) which includes the threedimensional (3D) head model generation from magnetic
resonance imaging (MRI) scans. Spherical head models have
also been used in TMS E-field estimation studies. One
challenge with the spherical head model is that the columnar
structure of the brain (gyri and sulci), the unique curvature of
the head model, the different tissues within the brain and their
associated electrical properties are not considered, which
affects the accuracy of the E-field intensity [17]. Head model
generation from MRI scans has been made possible using the
SimNIBS software, which takes about 4 hours for a complete
head model conversion [18]. After the conversion, finite
element analysis (FEA) is conducted to estimate the induced EField. This requires a few hours for completion, especially as it
depends on the voxel sizes (resolution) of the model's tissues
[19], [20]. These processes are time-consuming and
computationally expensive. Additionally, with each head
model's uniqueness, outcomes cannot be generalized across a
particular population as the intensity of E-field is subjectspecific.

Fig. 1. Conventional process for the estimation of the induced electric
field

Seeing these processes are time-consuming, we propose
using a deep convolutional neural network (deep CNN) to
directly determine the induced E-field from the patient's MRI
scans. We consider the effect of varying coil configurations on

the induced E-field and predict the induced E-field in the brain
and scalp (E-Max brain and scalp) and the volume of
stimulation of the brain and scalp (V-half brain and scalp) from
T1-weighted MRI. Until now, few studies have explored the use
of artificial neural networks to estimate the E-field from MRI
[21], [22], [23]; however, none has considered the effect of
different coil configurations in their estimation. With this deep
CNN model, the induced E-field estimation time and
computational cost are measurably reduced. Using this model
to test the subject-specific response to TMS treatment will help
neuroscientists and neurosurgeons predict TMS outcomes even
before treatment. Additionally, TMS patients will not be
exposed to unnecessary stimulation as the deep CNN model can
predict the responses with the different coils before starting
treatment.
II. METHOD
A. Human Models
T1-weighted MRI scans of 50 healthy adult subjects with ages
ranging from 25-35 years were sourced from the Human
Connectome Project Library [24] and converted to 3D head
models [25]. The images consisted of seven different
anatomical layers; skin (sn), skull (sk), cerebrospinal fluid (csf),
grey matter (gm), white matter (wm), cerebellum (cb), and
ventricles (vn). The different anatomical layers' electrical
properties were obtained from the Information Technologies in
Society (IT'IS) foundation database [26].
B. Finite Element Analysis
Sixteen (16) different coil types designed for TMS were
considered in this study. Some of these coils are commercially
available, while others are novel designs. The 16 different coil
types are MCF-B65 Butterfly Coil [27], D-B80 Butterfly Coil
[27], Cool-125 Circular Coil [27], MC-B70 Butterfly Coil [27],
Double 25 mm Coil [28], Halo Coil [29], 110 mm Double Cone
Coil [28], Double 70 mm Coil [28], Single 90 mm Coil [28],
QBC [30], 3D-42 [31], 3D-43 [31], 3D-44 [31], Crown 39 [31],
Crown 38 [31] and Crown 18 [31]. Finite element analysis
(FEA) was conducted using an electromagnetic low-frequency
solver, Sim4Life [32]. With this study, and depending on the
configuration of each coil, the coils were positioned at the
vertex or over the head of each of the 50 generated 3D head
models. To simulate the TMS pulses, a current of amplitude
5000 A flowed through the coils at a frequency of 2.5 kHz. The
direction of flow of the current was dependent on the
configuration of each of the coils. The output from this
simulation analysis is comparable to that of a conventional
stimulator used for TMS treatment. With each coil, the analysis
totaled up to 800 different simulations.
C. Data Interpretation
Results from Sim4Life were exported to MATLAB for
postprocessing and interpretation of data. Four parameters, the
maximum E-field intensity on the scalp (E-Max scalp),
maximum E-field intensity on the brain (E-Max brain), the
volume of the scalp stimulated (V-half scalp), and the volume
of the brain stimulated (V-half brain), were calculated for each
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of the 50 head models. The V-half is the volume of the scalp
and brain exposed to at least half of the intensity of the
maximum induced E-field.
D. Deep Convolutional Neural Network Model
Deep learning techniques to estimate the response variable y (Emax scalp, E-max brain, V-half scalp, and V-half brain) using
the T1-weighted MRI (X) and the specific coil type (C) as
explanatory variables were employed in this study. The model
aims to solve the non-linear regression problem y = f (X, C, β).
Deep CNN has been reported to help predict complex and nonlinear regression problems [22]. The deep CNN models pipeline
includes data preprocessing, model training, model evaluation,
and model deployment. The model was developed using the
TensorFlow Kera's toolkit [33].
i. Data Preprocessing
The images used for the Sim4life simulations are 3D MRI of
size 260 X 311 X 260. The center slice of the 3D MRI was
extracted and reshaped to 128 X 128 pixels to reduce the
computational complexity of the CNN models. The images
were rotated about the center at 90° intervals (90, 180, and
270°), increasing the input-output pairs (N) to 3200. The MRI
were standardized by dividing all pixels by the maximum pixel
in the dataset (0 ≤ pixels ≤ 1). The coil types were encoded
using the one-hot encoding function from sci-kit learn, which
converted the categorical variables into binary forms, fed into
the deep CNN model. The 3200 input-output pairs were
shuffled and split into learning pairs and test set at a ratio of 8:2.
The learning pairs were further divided into training and
validation sets at a ratio of 9:1, which resulted in 2304 pairs for
the training set, 256 pairs for the validation set, and 640 inputoutput pairs for the test set. The training set and validation set
were used to train the models, while the test set was used to
evaluate the model.
ii. Model development and training
The deep CNN models consisted of five two-dimensional (2D)
convolution layers (Fig. 2) with padding, which ensured the
convolutional layer captured all information in the image and
maintained the image dimensions at the layer's output. Three
max-pooling layers with a pool size of 2 were introduced to
reduce the spatial dimensions of the images. These layers
pooled the pixels and kept the most important features of the
images. Two fully connected hidden dense layers with drop-out
layers were used to reduce overfitting. Finally, a neuron was
built in the output layer. Rectified linear units (RELU) were
used in all convolutional and fully connected hidden layers,
while linear transfer function was used in the output layer to
estimate the response variable. The models were trained and
validated using the training set and validation set. The adaptive
moment (Adams) estimation optimization technique was
employed to optimize the model parameters. In developing the
model, the input images of size 128 X 128 were fed into the first
2D convolution layer connected to other layers, as shown in
Fig. 2. The coil type, C, was introduced into the algorithm after
the MRI, X, had gone through all the convolutional layers and

the output flattened. The coil type C was concatenated with the
flattened output from the last max-pooling layer to get an array
fed into the first fully connected dense layer. The model was
compiled with mean square error (MSE) as the metrics, and an
early stopping option was included to ensure that the algorithm
stopped training when the model does not get better after 100
iterations.

Fig. 2. Model architecture

𝑧 = (X ∗ β + b)
𝑧,
𝑅𝑒𝐿𝑈, 𝑅(𝑧) = {
0,

𝑧≥0
𝑧<0

𝐿𝑖𝑛𝑒𝑎𝑟 , 𝑓(𝑧) = 𝑧
Where:
X = the input data,
β = the model weights and
b = the bias.
iii. Model Evaluation
The performance of the deep CNN models was evaluated by
comparing the predicted values, 𝑦̅𝑖 with the simulated values
from FEA using the coefficient of determination (R-square, R2)
and the mean absolute percentage error (MAPE). The R2 value
indicates the proportion of the variance in the dataset explained
by the model. A score closer to 1 indicates a very good
generalization, while a low R2 value shows that the model does
not explain the variation in the model.
R2 = 1 −

∑𝑛𝑖=1(𝑦̅𝑖 − 𝑦𝑖 )2
∑𝑛𝑖=1(𝑦̅𝑖 − 𝑦)2

The MAPE estimates the percentage difference between the
predicted value and the simulated value. The MAPE represents
the most relative meaningful estimation of the model's error.
𝑛
|𝑦𝑖 − 𝑦̅|
1
𝑖
MAPE = ∑
∗ 100 %
𝑛
𝑦𝑖
𝑖=1

Where:
𝑦̅𝑖 = the predicted value
𝑦𝑖 = the simulated value from FEA
𝑦̅ = the mean of the simulated values

0018-9464 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
Authorized licensed use limited to: Iowa State University. Downloaded on June 15,2021 at 22:12:37 UTC from IEEE Xplore. Restrictions apply.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TMAG.2021.3086761, IEEE
Transactions on Magnetics

> JP-01 <

4
III. RESULTS AND DISCUSSION

The deep CNN models were trained to predict the E-Max scalp,
E-Max brain, V-half scalp, and V-half brain. The MAPE and
the R2 were assessed based on the accuracy of the deep CNN
model's predictions when compared to the FEA values
(Sim4life's values). TABLE 1 summarizes the R2 and MAPE
values for the training and test data set of the four parameters.
a. E-Max scalp
The model recorded an R2 value of 0.96 and 0.92 on the training
and test set, respectively. The R2 showed that the model
explained about 96 % and 92 % of the actual and predicted
values variation in the training and test set, respectively. This
confirms that the model generalized well on the dataset and did
not overfit the training set. The R2 value recorded is comparable
to the average R2 value recorded in Yokota et al. [22]. The
model also recorded a MAPE of 4.7 % and 6.2 % on the training
and test set, respectively. The MAPE values further emphasized
that the model generalized well on the dataset and did not
overfit the training set. The parity plot for the training and test
data set is presented in Fig. 3.
b. E-Max brain
The model recorded an R2 value of 0.98 and 0.96 on the training
and test set, respectively. The R2 showed that the model
explained about 98 % and 96 % of the actual and predicted
values variation in the training and test set, respectively. The
model also recorded a MAPE of 7.4 % and 9.3 % on the training
and test set. The R2 score and the MAPE values indicated an
excellent generalization on the dataset and showed the model
did not overfit the training set. The parity plot for the training
and test data set is presented in Fig. 3.

TABLE 1. Summary of R2 and MAPE values for the training and test
dataset.
Training
Test
R-square

MAPE

R-square

MAPE

E-max scalp

0.96

4.70 %

0.92

6.20 %

E-max brain

0.98

7.40 %

0.96

9.30 %

V-half scalp

0.63

220 %

0.47

250 %

V-half brain

0.72

133 %

0.59

138 %

c. V-half scalp
The model recorded an R2 score of 0.63 and 0.47 on the training
and test set, respectively. The model recorded a MAPE of
220 % and 250 % on the training and test set, respectively. The
model performed poorly on the dataset and failed to generalize
well while predicting the training and test set. One of the
reasons for this poor performance could be the small size of the
data sets, especially since the magnitude of the V-half
parameters is really low. The parity plot for the training and test
data set is presented in Fig. 3.
d. V-half brain
The model recorded an R2 score of 0.72 and 0.59 on the training
and test set, respectively. The R2 shows that the model could
not explain a significant part of the variation in actual and
predicted values. The model also recorded a MAPE of 133 %
and 138 % on the training and test set. Like the V-half scalp,
the very poor MAPE is not surprising, giving the R2 value was
also not impressive. Although the model did not overfit the
training set, it poorly predicted the training set and the test set.
The parity plot for the training and test data set is presented in
Fig. 3.

Fig. 3. Parity plot for the four parameters (training and test data set)

IV. CONCLUSION
This study is the first to report the use of deep CNN in
accounting for the effect of different coil configurations on
TMS outcomes. With the induced E-field values calculated for
50 head models and across 16 coil types, the deep CNN model
was successfully trained to predict the four parameters of the
induced E-field (E-Max brain, E-Max scalp, V-half brain, and

V-half scalp). The R2 and MAPE values have been reported for
all the parameters. We plan to develop deep CNN models using
the full-pixel sizes of the 3D MRI to take advantage of all the
information in the images in the future (we have only used the
center slice of the MRI in this present study). We also plan to
use a larger dataset to develop a good model for the V-half
parameters.
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