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Disability need not to be an obstacle to success.  
- Stephen Hawking 

 
 
 
 
 
 
 
 
 
 
 
 

More than 200 million people in the world experience some form of paralysis and considerable 
difficulties in communication, caused by one of many possible conditions, such as  spinal cord injury, 
stroke, amyotrophic lateral sclerosis (ALS) or other disorders (Armour et al., 2016; Pels et al., 2017; 
UN World Health Organization (WHO), 2011). In the most severe form of paralysis, communication 
is drastically reduced to limited residual movement and vertical eye movements, a situation also 
known as Locked-In Syndrome (LIS; Smith and Delargy, 2005). For people with LIS, life takes an 
unexpected turn, and things that were before taken for granted, such as laughing, become suddenly 
impossible. They remain aware of self and the environment but can no longer convey a wish or share 
an emotion. As tragic as it may seem, the extraordinary capacity of the human being to adapt to new 
circumstances and the willingness to live life to its fullest, has shown that even individuals suffering 
from LIS can express a high quality of life, especially when their ability to communicate is somewhat 
restored (Lugo et al., 2017; Rousseau et al., 2015).  

For individuals with LIS, assistive technology (AT) can be the last resource to reinstate 
communication and to allow meaningful interaction with their environment (Bernat, 2018). 
Typically, AT relies on residual voluntary movement to control an adapted keyboard, a computer 
mouse, an eye-tracker, or another device. However, for many of these individuals, AT based on 
muscle activity is not an option, either because their muscle control is very weak or too erratic to 
produce volitional control. In these cases, neurotechnologies controlled without any residual muscle 
activity present a promising alternative tool to restore communication. An example of such 
communication tools is a Brain-Computer Interface or BCI (Brunner et al., 2015). A BCI records 
signals from the brain, extracts features from the signal, translates them into a control signal, and 
provides feedback to the user, ideally without significant delay (Daly and Wolpaw, 2008). Together, 
these components define a closed-loop system (Figure 1), also known as the BCI cycle (Gerven et al., 
2009). 
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Figure 1 – Brain-Computer Interface cycle. 
A Brain-Computer Interface (BCI) consists of five components: signal acquisition, processing, feature extraction, 
classification and application. Typically, neuro-electrical signals are recorded from the brain and processed to 
reduce noise and artifacts. Subsequently, features are extracted from the signals and classified, either in a 
discrete or continuous manner, resulting in a control signal. This control signal can be used to control an 
application, such as a spelling software, providing, this way, feedback to the user.  
 
 
 

How to record the brain signals? 
Different types of BCI can be distinguished based on the recording technique and the brain signal 
features used for control. There are several brain imaging techniques that measure the electrical 
signal produced by the neurons in the brain (Figure 2A) and that can be used in a BCI system 
(Leuthardt et al., 2004), such as electroencephalography (EEG), intracortical needle recordings and 
electrocorticography (ECoG). EEG presents a non-invasive and cheap option, which can be used for, 
for instance, recreational purposes or temporary treatments, such as in stroke rehabilitation (Ang et 
al., 2010; Cincotti et al., 2012; Xu et al., 2017). However, EEG is less convenient for long-term day-
to-day use, as the electrodes need to be often reapplied and the signal is easily affected by artifacts, 
ultimately leading to inaccurate and unreliable BCI control. On the other end of the spectrum, needle 
recordings are small-size electrodes that penetrate the cortex and record from a small number of 
neurons. While having the best temporal and spatial resolution (up to one neuron), this technique has 
been shown to be unreliable for chronic use, due to the formation of scar glial tissue encapsulating 
the electrodes (Shain et al., 2003). Alternatively, ECoG has been proposed as an optimal solution for 
long-term implantable BCIs. ECoG consists of a matrix of disk electrodes, typically spaced 1 cm apart 
(Figure 2B), embedded between two thin silicon layers, which can be placed on the cortex, without 
penetrating the cortical surface (Crone et al., 1998a; Flint et al., 2016; Leuthardt et al., 2004). This 
technique presents a better signal-to-noise ratio, better spatial resolution and wider range of 
recordable frequencies than EEG, is less invasive than needle electrodes, and provides a long term 
stable signal (Nurse et al., 2018; Sillay et al., 2013; Sun et al., 2018; Vansteensel et al., 2016). The 
latter is a feature of great importance especially for individuals with LIS for whom the implanted 
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system should ideally work for several years. Excitingly, in the last decades, an extensive amount of 
literature has focused on evaluating the possibilities and advantages of using ECoG grids for BCI 
purposes, with several studies successfully showing that ECoG can provide enough discriminative 
information for decoding (for example, Schalk et al., 2007; Brunner et al., 2011). 
 
Which brain regions to record from? 
Specific cognitive tasks, such as counting backwards (Vansteensel et al., 2010), grasping an object 
(Nakanishi et al., 2017), and visually tracking a target at sight (Brunner et al., 2011) are known to 
activate specific areas of the cortex. To date, the majority of BCI systems has focused on the cortical 
areas related to movement production, such as the sensorimotor cortex (SMC, Figure 1) (Yuan and 
He, 2014). This cortical region consists of two gyri, the primary motor cortex (M1) and the primary 
somatosensory cortex (S1), separated by the central sulcus. Whereas M1 is mostly related to 
movement preparation and production, S1 is generally associated to the processing of sensory 
information. Although the interaction of these two regions is crucial for accurate motor execution, 
the exact role of each separate region and how they interact is still a matter of research (Adams et 
al., 2013; Borich et al., 2015; Brochier et al., 1999; Scott, 2004; Shaikhouni et al., 2013). Of 
especial interest for BCI is the fact that the SMC region comprises a detailed and orderly 
arrangement of all the body parts (somatotopy; Penfield and Boldrey, 1937), of which a relatively 
large portion, known as the ‘hand knob’, is uniquely devoted to the control of hand movements 
(Yousry et al., 1997). Due to its large representation in the SMC and the direct relation with hand 
movement, the ‘hand knob’ is the most common target region for implantable BCI control, and, 
therefore, the one we focus on in this thesis.  

 
The first fully implantable BCI 
The goal of a BCI is to identify and isolate distinct patterns of brain activity that are consistently 
generated by a specific motor action, such as the opening and closing of the hand, and use it to 
accurately control an external device. By combining the long-term stable ECoG recordings with the 
highly detailed sensorimotor cortex, we have developed in Utrecht an ECoG-based implantable BCI 
system that aims at providing a robust, reliable and accurate communication channel to individuals 
with LIS (the Utrecht NeuroProsthesis, neuroprosthesis.eu, Vansteensel et al., 2016). By attempting 
to move the hand, the user is able to control a scanning software on a computer in order to type 
words or call family members. So far, this system has been implanted in a locked-in patient with late-
stage amyotrophic lateral sclerosis and has shown to have stable recordings and accurate control for 
more than 2 years. Although remarkable, the current system still presents some limitations. First, the 
system can only detect a single-hand movement using the signal from one (bipolar) ECoG channel at 
a time, limiting the user to a one-dimensional control of a computer program. Second, the system 
has a limited spatial resolution, having only four electrodes (spaced 1 cm apart) covering the hand 
sensorimotor cortex. Third, it is does not yet provide a 100% accurate 24/7 communication system, 
especially due to unexpected false positives. A possible strategy to resolve some of these issues is to 
design a BCI system with an increased number of degrees-of-freedom, by for instance, increasing the 
number of electrodes covering the sensorimotor hand region. 
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Figure 2 – Examples of electrophysiological recording methods for BCI.  
(A) Electroencephalography (EEG) is a macroscopic and non-invasive method that records neuro-electrical signals 
using electrodes on the scalp. Electrocorticography (ECoG) electrodes record neural activity on the surface of the 
cortex, without penetration. Intracortical needle recordings penetrate the cortex and measure the neuronal 
activity from individual or small populations of neurons. (B) Example of a typical ECoG grid with a 1 cm inter-
electrode distance and a 2.3 mm exposed diameter. (C) Example of an 8 x 8 high-density ECoG grid with a 3 mm 
inter-electrode distance and a 1.3 mm exposed diameter. The 1 cm scale is the same in (B) and (C). 

 
 

 
How to increase the degrees-of-freedom? 
Classically, ECoG grids consist of electrodes spaced 1 cm apart (Figure 2B), but in the last decade 
multiple studies have examined the signal quality of grids with sub-centimeter inter-electrode 
distances (Bundy et al., 2014; Kellis et al., 2016; Slutzky et al., 2010; Wang et al., 2016). These 
studies showed that high-density (HD) ECoG grids, with inter-electrode distance smaller than 4 mm 
(Figure 2C), have higher signal-to-noise ratios and facilitate the detection of discriminative brain 
features (Bundy et al., 2014; Wang et al., 2016). For these reasons HD-grids have been increasingly 
used in the last years for clinical and research purposes (Bouchard and Chang, 2014; Branco et al., 
2017; Ramsey et al., 2017; Salari et al., 2018; Siero et al., 2013; Van Gompel et al., 2008), and 
have been proposed as a promising tool for BCI control (Slutzky et al., 2010). 

Another topic of investigation in the BCI field is which aspects of the recorded brain signal 
(features) can best be used for reliable control. Features are often based on either modulations in the 
raw, time-domain signal, such as event-related potentials (e.g., Sellers et al., 2006), or in the power-
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domain features, characterized by changes in one or multiple frequency bands elicited by the 
execution of certain (mental) tasks (Crone et al., 1998a, 1998b). Several frequency bands can be 
discerned from the ECoG signal, namely delta waves (0-4 Hz), theta waves (4-8 Hz), alpha waves (8-
14 Hz), beta waves (15-30 Hz) and higher frequency waves (> 30 Hz). In the last decades, the study of 
ECoG-based BCI has mainly focused on the interpretation of the higher-frequency spectral 
components of the ECoG signals (Crone et al., 1998a; Leuthardt et al., 2007; Miller et al., 2007, 
2009), hereafter referred to as high-frequency band (HFB, generally > 60 Hz). This spectral feature, 
thought to be closely associated with synaptic mechanisms and firing rates of the underlying neurons 
(Miller et al. 2009; Buzsáki and Wang 2012), is of special interest for BCI, since it is time-locked to 
motor commands (Buzsáki and Wang, 2012; Crone et al., 1998a; Hermes et al., 2012) and is focally 
represented in the SMC (Miller et al., 2007; Hermes et al., 2012). Time-locked and focally specific 
means that the HFB generally manifests a similar pattern at approximately the same time after the 
stimulus onset and in approximately the same cortical region (Figure 3). The combination of this 
spatial-temporal feature, with the abovementioned high-density ECoG recordings, promise to offer 
future BCIs the best strategy for multi-dimensional control (i.e., multiple degrees-of-freedom), since 
it is likely to provide a better representation of the detailed somatotopy of the sensorimotor cortex. 
By exploiting this combination, BCIs can potentially decode multiple discrete or continuous variables, 
such as different hand postures (e.g., Bleichner et al., 2016) or three-dimensional fingertip 
trajectories (e.g., Nakanishi et al., 2014), ultimately leading to a faster and more versatile 
communication channel for individuals with LIS. 

 
 
 
 

 

 
 
 Figure 3 – High-frequency band temporal and spatial specificity. 
High-frequency band (HFB, 70-125 Hz) patterns elicit during hand movement task in one subject. Left: 32-channel 
high-density ECoG grid located over the sensorimotor cortex (white line indicates the central sulcus). Middle: 
mean HFB signal over time per channel shows a focal activation pattern over the hand knob (smallest mean value 
in white, largest mean value in black). Right: mean HFB signal over trials (solid black line) for one electrode shows 
a consistent time-locked response to the movement onset (t = 0 s). Shaded gray region indicates standard 
deviation across trials. 
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Study population for ECoG-based BCI 
To date, the choice of the optimal recording techniques and most discriminative features for multi-
dimensional ECoG-based BCIs has been mostly inferred from studies performed with able-bodied 
individuals temporarily implanted with ECoG grids for epilepsy monitoring. However, the target user 
population of communication-BCIs are, in fact, individuals in a locked-in state (Pels et al., 2017), who 
can only imagine or attempt to perform a movement. Notably, several studies have shown that the 
activity associated with attempted hand movement by people with LIS can be used for accurate BCI 
control (e.g., Yanagisawa et al., 2012; Gharabaghi et al., 2014; Vansteensel et al., 2016; 
Pandarinath et al., 2017; Degenhart et al., 2018). Hence, the question is to what extent the findings 
obtained with able-bodied volunteers are informative for the situation in LIS. Interestingly, in the last 
years some studies have shown that imagined movement does not activate the same cortical regions 
as executed movement (Hermes et al., 2011), and that attempted movements, made for instance by 
amputees, elicit similar cortical activity to that produced by actual movement in healthy controls 
(e.g., Kikkert et al., 2016; Bruurmijn et al., 2017). Based on these results, it is fair to assume that the 
conclusions reached so far using ECoG measurements from able-bodied subjects, who executed 
movements, can be safely transferred to BCI target population. 
 
Thesis aims 
So far, we have learned that ECoG-based BCIs are the most promising assistive communication 
solution for chronic use in individuals with LIS and that combining specific brain regions 
(sensorimotor cortex), specific signal features (high-frequency band power) and high-density ECoG 
grids potentially increases the degrees-of-freedom of a multi-dimensional BCI. Therefore, the 
general aim of this thesis was to improve the design of a high-density multi-dimensional BCI. For 
that, several challenges spread throughout the BCI cycle were investigated.  

The first step in the development of a multi-dimensional ECoG-based BCI is to develop tools that 
allow for the correct interpretation of the signals acquired during experiments. An example of such 
tools are electrode localization methods, which aim at identifying the exact location of each ECoG 
contact point at the individual cortical surface. In this thesis, two methods, one with (Chapter 1) and 
one without (Chapter 2) post-operative imaging, were developed for HD-grid (and standard grid) 
localizations. Once the electrodes location is known, the acquired signal must be processed and 
analyzed. For this purpose, a systematic method to extract the HFB power features was also 
developed (Chapter 3). This method optimizes decodability of HFB ECoG signals by finding the best 
HFB signal processing parameters. Once the signals are processed and features are correctly 
extracted, multiple motor strategies are compared and considered for BCI control. For that purpose, 
information from the neurophysiology field regarding the latest understandings about the function 
of the SMC during movement production was collected. Such information, summarized in the form 
of a review article (Chapter 4), is fundamental for the optimal design of a communication BCI, as it 
allows for the selection of the most promising movement features and thereby increases the chances 
of accurate and natural control. In this thesis, both discrete decoding of four hand motor postures 
(Chapter 5) and continuous decoding of dynamic force-grasping movements (Chapter 6) were 
investigated. Lastly, in order to complete the BCI cycle, additional research was performed to 
improve the online performance and feedback of the already existing fully implanted BCI system 
(Vansteensel et al., 2016). In this last step, a set of signal processing filters was implemented in 
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order to reduce the number of false positive events (Chapter 7). 
In the Discussion section of this thesis, all the work here presented will be put into perspective. 

The limitations and gains of the current multi-dimensional ECoG-based research and future BCI 
advances and challenges will be discussed. Lastly, additional work currently ongoing and some future 
considerations will also be described.  
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Abstract 
 

Background Electrocorticographic (ECoG) measurements require the accurate localization of 
implanted electrodes with respect to the subject’s neuroanatomy. Electrode localization is 
particularly relevant to associate structure with function. Several procedures have attempted to solve 
this problem, namely by co-registering a post-operative computed tomography (CT) scan, with a pre-
operative magnetic resonance imaging (MRI) anatomy scan. However, this type of procedure 
requires a manual and time-consuming detection and transcription of the electrode coordinates from 
the CT volume scan and restricts the extraction of smaller high-resolution ECoG grid electrodes due 
to the downsampling of the CT. 
New Method ALICE automatically detects electrodes on the post-operative high-resolution CT scan, 
visualizes them in a combined 2D and 3D volume space using AFNI and SUMA software and then 
projects the electrodes on the individual’s cortical surface rendering. The pipeline integrates the 
multiple-step method into a user-friendly GUI in Matlab®, thus providing an easy, automated and 
standard tool for ECoG electrode localization. 
Results ALICE was validated in 13 subjects implanted with clinical ECoG grids by comparing the 
calculated electrode center-of-mass coordinates with those computed using a commonly used 
method.  
Comparison with Existing Methods A novel aspect of ALICE is the combined 2D-3D visualization of 
the electrodes on the CT scan and the option to also detect high-density ECoG grids. Feasibility was 
shown in 5 subjects and validated for 2 subjects.  
Conclusions The ALICE pipeline provides a fast and accurate detection, discrimination and 
localization of ECoG electrodes spaced down to 4 mm apart. 
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1. Introduction 
Intracranial electrocorticography (ECoG) in humans has recently received an increased interest in the 
clinical and scientific community, since it provides a direct measure of neuronal activity in the human 
brain with high spatial and temporal resolution (Crone et al., 1998; Freeman et al., 2000; Jacobs 
and Kahana, 2010; Miller et al., 2009). In particular, ECoG has been increasingly used as a diagnostic 
tool for patients with intractable epilepsy, providing not only additional seizure localization 
information (Salles et al., 1994; Diehl and Lüders, 2000; Lesser et al., 2010), but also allowing for 
the functional mapping of eloquent cortical areas, such as motor, language and visual areas. Besides 
the characterization of epileptic tissue, ECoG recordings provide measurements from regions of the 
cortex that are considered normal in terms of expected location and functional response to tasks 
(Jacobs and Kahana, 2010). Therefore, ECoG has also been used as a tool to investigate normal 
human brain function, such as the characterization of spontaneous neuronal activity (Foster et al., 
2016; Liu et al., 2015), the study of the coupling between blood-oxygen-level dependent (BOLD) 
functional magnetic resonance imaging (fMRI) responses and features of the ECoG signals 
(Gaglianese et al., 2017; Hermes et al., 2012; Jacques et al., 2016; Ojemann et al., 2013; Siero et 
al., 2013), and for the design of advanced neuro-implants such as Brain-Computer Interfaces (BCIs) 
(Yanagisawa et al., 2012; Hotson et al., 2016; Vansteensel et al., 2016).  

For all the above cited purposes, the accurate localization of ECoG electrodes on the individual 
subjects’ cortex is crucial to determine the area from which the specific neuronal responses profiles 
are being recorded, and for the optimal co-localization with, for instance, fMRI activations. To date, 
electrode localization can be assisted by a combination of computational algorithms and advanced 
medical imaging techniques. Ideally, post-implantation MRI scans would be a promising solution to 
extract electrode coordinates (Schulze-Bonhage et al., 2002; Studholme et al., 2001). However, 
many medical institutions have prohibited this procedure due to the risk of electrode induction 
heating (Bhavaraju et al., 2002). Another attempt to reconstruct the electrode positions is through 
cranial X-rays (Dalal et al., 2008; Miller et al., 2007). Although medically safe, these methods lack 
either information about the individual subjects’ anatomy (i.e., they project directly on a 
standardized brain) or require information from intraoperative photos, which may not be available 
for electrodes placed away from the trepanation site. 

More recently, some alternative methods have been proposed, which use a post-operative 
computed tomography (CT) scan to localize the electrodes on the individual’s anatomical space 
(Brang et al., 2016; Dykstra et al., 2012; Groppe et al., 2017; Hermes et al., 2010; Qin et al., 2017, 
Blenkmann et al., 2017). One of these methods has been previously presented by Hermes et al. 
(2010) and has become a commonly accepted method (cited over 100 times) to localize the 
electrodes using post-operative CT. This method detects and projects the electrodes by 
automatically correcting for possible brain shifts caused by the surgical intervention (Hill et al., 
1998). However, this and other available procedures present a few limitations. In previous methods 
such as (Dykstra et al., 2012; Hermes et al., 2010) the detection and transcription of the electrode 
coordinates is done manually in 2D space, making the entire process user-dependent and time 
consuming. The 2D space visualization makes it rather hard to separate overlapping electrodes, 
especially in the cases where the overlapping occurs in the frontal-opercular, inferior temporal and 
inferior visual cortices. For that, recent open-source pipelines have presented a method based on a 
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1. Introduction 
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cranial X-rays (Dalal et al., 2008; Miller et al., 2007). Although medically safe, these methods lack 
either information about the individual subjects’ anatomy (i.e., they project directly on a 
standardized brain) or require information from intraoperative photos, which may not be available 
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(2010) and has become a commonly accepted method (cited over 100 times) to localize the 
electrodes using post-operative CT. This method detects and projects the electrodes by 
automatically correcting for possible brain shifts caused by the surgical intervention (Hill et al., 
1998). However, this and other available procedures present a few limitations. In previous methods 
such as (Dykstra et al., 2012; Hermes et al., 2010) the detection and transcription of the electrode 
coordinates is done manually in 2D space, making the entire process user-dependent and time 
consuming. The 2D space visualization makes it rather hard to separate overlapping electrodes, 
especially in the cases where the overlapping occurs in the frontal-opercular, inferior temporal and 
inferior visual cortices. For that, recent open-source pipelines have presented a method based on a 

 

3D space (Qin et al., 2017; Groppe et al., 2017; Blenkmann et al., 2017), as a solution for this 
problem. However, to our knowledge, these pipelines do not present a solution to visualize and 
manually intervene in case of complex grid implantations where multiple grids and strips overlap. 
Additionally, none of the published pipelines localized and validated the localization of electrodes 
from high-density ECoG arrays. Indeed, for these increasingly used grids (Bouchard et al., 2013; 
Siero et al., 2013; Kellis et al., 2016; Wang et al., 2016), with inter-electrode space of 3-5 mm, a 
solution has yet to be presented. In this case, electrode detection may be difficult since these tend to 
merge with one another due to the small electrode size and spacing. Co-registering and re-slicing of 
the CT scan to the space of the T1, as available pipelines appear to do (Dykstra et al., 2012; Qin et 
al., 2017; Groppe et al., 2017; Blenkmann et al., 2017), limit the accuracy of detection of such small 
electrodes. 

To overcome these issues, we present an improved and fast pipeline that automatically detects 
electrodes on the original high-resolution post-operative CT scan and visualizes them in a 
synchronized 2-dimensional (2D) and 3-dimensional (3D) spaces using AFNI 
(http://afni.nimh.nih.gov/afni) (Cox, 1996) and SUMA (https://afni.nimh.nih.gov/afni/suma) (Saad 
and Reynolds, 2012), respectively. This procedure, named ALICE (Automatic Localization of Intra-
Cranial Electrodes), allows users to detect and visualize ECoG electrodes of both clinical and high-
density grids, to manually separate overlapping electrodes, and to easily sort and label them 
according to a given layout. Electrodes are then projected using the brain shift correction method 
previously published by Hermes et al. (2010), and are visualized on the individual’s cortical surface 
rendering obtained using FreeSurfer (http://surfer.nmr.mgh.harvard.edu). This pipeline is integrated 
and controlled through a graphical user interface designed in Matlab 9.0®. 

 
 
2. Materials and Methods 

 
2.1 Subjects  
Seventeen patients (median age 22, range 11-49; see Table 1) with intractable epilepsy were 
intracranially implanted with subdural standard clinical (13 subjects) or high-density (5 subjects) 
ECoG grids in order to localize seizure focus. One patient (S13) had both. The standard clinical ECoG 
grids (subjects S1-13) had an inter-electrode distance center-to-center of 1 cm and 2.3 mm exposed 
surface diameter (AdTech, Racine, USA). The high-density grids had either 32 electrodes (S13 and 
S17) with 1.3 mm exposed surface diameter and inter-electrode distance of 3 mm center-to-center 
(AdTech, Racine, USA), or 64 (S14 and S16) with 1 mm exposed surface diameter and 4 mm center-
to-center distance (PMT Corporation, Chanhassen, USA), or 128 electrodes (S15) with 1.17 mm 
exposed surface and 4 mm inter-electrode distance (AdTech, Racine, USA). The ethical committee of 
the University Medical Centre Utrecht approved this study in accordance with the Declaration of 
Helsinki 2013, and all patients gave written informed consent. 
 
2.2 Pre- and post-operative imaging scans  
For each patient included in the study a T1-weighted structural pre-operative MRI scan was acquired 
on a 3T scanner (Philips Achieva, Best, the Netherlands), with an isotropic voxel size of 1 mm. Cortical 
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surface segmentation of each subject’s anatomy was performed using FreeSurfer 
(https://surfer.nmr.mgh.harvard.edu/). Additionally, a post-operative high- resolution 3D-CT scan 
was acquired to locate the electrodes (Philips Tomoscan SR7000), with voxel sizes of 0.49 mm × 0.49 
mm × 1 mm for subjects S3-6, S10, S14 and S15; 0.49 mm × 0.49 mm × 0.7 mm for subjects S1-2, S7, 
S13, S16 and S17; 0.49 mm × 0.49 mm × 0.45 mm for subjects S8-9 and S11; and, lastly, 0.43 mm × 
0.43 mm × 0.5 mm for subject S12. Resolutions differed due to availability of one of multiple CT 
scanners at the time of the clinical CT scan. 

 
 
 
Table 1 – Patient characteristics and ECoG grid information. 
 

Patient 
No. 

Age Gender 
Implanted 

hemisphere 
Grid type Grid location 

S1 14 F Right Clinical Frontal-parietal 

S2 14 F Right Clinical Superior frontal-parietal 

S3 16 M Right Clinical 
Inferior frontal-parietal and 

posterior temporal 

S4 11 M Left Clinical Frontal, anterior parietal 

S5 15 F Left Clinical Frontal, anterior parietal 

S6 41 F Left Clinical 
Inferior frontal parietal and 

temporal 

S7 22 F Right Clinical Temporal, inferior frontal-parietal 

S8 21 M Left Clinical Inferior frontal-parietal 

S9 25 M Left Clinical Frontal-parietal 

S10 49 M Left Clinical Temporal, inferior parietal 

S11 45 M Left Clinical Temporal, inferior parietal 

S12 26 M Left Clinical 
Posterior frontal, anterior parietal 

and superior temporal 

S13 29 M Left 
Clinical and 

high-density 
Parietal (previous superior 

parietal resection) 

S14 19 M Left High-density Inferior parietal 

S15 36 F Left High-density Inferior and superior parietal 

S16 22 M Left High-density Superior parietal 

S17 19 M Left High-density Superior parietal 
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surface segmentation of each subject’s anatomy was performed using FreeSurfer 
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temporal 

S7 22 F Right Clinical Temporal, inferior frontal-parietal 

S8 21 M Left Clinical Inferior frontal-parietal 

S9 25 M Left Clinical Frontal-parietal 

S10 49 M Left Clinical Temporal, inferior parietal 

S11 45 M Left Clinical Temporal, inferior parietal 

S12 26 M Left Clinical 
Posterior frontal, anterior parietal 

and superior temporal 

S13 29 M Left 
Clinical and 

high-density 
Parietal (previous superior 

parietal resection) 

S14 19 M Left High-density Inferior parietal 

S15 36 F Left High-density Inferior and superior parietal 

S16 22 M Left High-density Superior parietal 

S17 19 M Left High-density Superior parietal 

 

 

2.3 ALICE procedure 
The ALICE procedure consists of 5 steps (Figure 1) that use the pre- and post-operative imaging 
scans (see section 2.2) as input and display the ECoG electrodes on the individual subject’s brain 
surface in Matlab®. The following sections explain in detail the procedure implemented in each step. 

 
Step 1: Pre-operative MRI and Post-operative CT co-registration 
Alignment (co-registration) of the high-resolution post-operative CT to the pre-operative MRI scan 
was implemented by resampling the CT to a 1 x 1 x 1 mm grid (anatomical MRI scan resolution), 
shifting the center of the CT scan to the center of the anatomical MRI scan, and aligning the scans 
using the local Pearson correlation cost function (align_epi_anat.py in AFNI) with a rigid-body 
constraint (Saad et al., 2009). Additionally, the MRI contrast was inverted to emphasize the skull, 
normally seen as a thin, dark layer in T1-weighted images.  

The output aligned CT was only used to confirm the alignment was successful, since the 
electrode selection steps (Steps 2 and 3) are performed on the native, high-resolution CT. The 
resulting affine transformation matrix (𝑇𝑇#$$%&') is saved for later translation of the electrodes’ center-
of-mass coordinates to the MRI in Step 4.  

 
Step 2: Electrode identification 
Electrodes were detected by identifying electrode-containing voxels (in the CT) and clustering such 
voxels for each electrode separately. Electrode voxels were automatically defined and clustered on 
the native CT using a 3D clustering function implemented in AFNI (3dclust.py). This function allows 
for intensity-based cluster detection in 3D datasets defined by a connectivity radius parameter: only 
the voxels closer than the given radius are included in the cluster. The function requires three 
parameters. First, a threshold based on the electrode voxel intensity values, which isolates the 
electrode voxels from other features on the CT, such as the skull and artifacts. Second, a minimum 
cluster volume, which is a measure of electrode size (in micro-liters). And lastly, the connectivity 
radius (in millimeters), used to separate electrode clusters, which depends on the inter-electrode 
space distance of the ECoG grid. For example, given a grid with 4 mm electrode diameter and 1 cm 
inter-electrode space, the minimum cluster volume could range from 3 uL to 10 uL, and the 
connectivity radius could be 1 mm size.   

The obtained clusters are further refined by a series of morphological operations of erosion by 
one voxel (to remove very narrow clusters), followed by dilation of two voxels. The clustering 
algorithm is then re-applied to the output dataset. Finally, each electrode cluster is indexed, color-
coded and transformed into individual surfaces using the IsoSurface function in AFNI. The method 
works reliably because the electrodes have a density determined by CT that is different than tissue. 
With standardization by Hounsfield units, these will be the same even across CT scanners. The 
centers-of-mass of each color-coded electrode-cluster, calculated as the mean voxel coordinates, are 
used in Step 3. 
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Figure 1 – ALICE pipeline back-end procedure. 
The back-end of the pipeline consists of 5 steps. The first step co-registers the high-resolution post-operative CT 
scan (post-CT) with the pre-operative anatomical MRI scan (pre-MRI). The second step extracts the center-of-
mass for every electrode using a new automated voxel clustering function in AFNI. Then in step 3 one can sort and 
label each electrode’s center-of-mass according to a pre-defined layout. Step 4 co-registers the center-of-mass of 
each electrode extracted from the CT space to the MRI anatomy space, using the affine transformation matrix 
resulting from step 1. Finally, in step 5 the electrodes are projected and visualized on the surface rendering of each 
individual’s brain by means of the standard orthogonal projection method presented in Hermes et al. (2010). 

 
 
 

Step 3: Electrode selection and sorting in 3D space  
Once the electrode-clusters are detected, these need to be sorted and labeled according to the 
layout of the electrode leads. We were able to considerably simplify and accelerate this process by 
creating an interface that displays the electrode-clusters (see Step 2) simultaneously in both slice and 
surface views using AFNI (Figure 2B) and SUMA (Figure 2A), respectively. These two programs are 
linked and synchronized, such that a point selected in the 3D space immediately updates the position 
in the 2D space. With the surface view in 3D space, the electrode-clusters can be easily identified and 
selected in the appropriate order (i.e., according to the layout of the electrode leads) using a semi-
automatic procedure. Electrode sorting is done manually by clicking on electrodes in the correct 
order using the 2D-3D interface, while numbering is automatically assigned to each electrode, in the 
same step. Labeling (attributing a grid label to each electrode) is done semi-automatically in the last 
step of the pipeline (see Video 1), where the grid label, electrode numbers and grid size are specified 
in the interface.  To overcome the issue of overlapping or missing electrode clusters, the interface 
allows the manual selection of the voxel of the correct electrode’s center-of-mass in the 2D slice view 
of the volumes, and the automatic creation of a cluster centered on the selected voxel respectively 
(using a sphere with a radius equal to the electrode size). During this step, for each selected cluster 
(electrode) the number and center-of-mass coordinates are automatically saved in a text file. 
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The back-end of the pipeline consists of 5 steps. The first step co-registers the high-resolution post-operative CT 
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each electrode extracted from the CT space to the MRI anatomy space, using the affine transformation matrix 
resulting from step 1. Finally, in step 5 the electrodes are projected and visualized on the surface rendering of each 
individual’s brain by means of the standard orthogonal projection method presented in Hermes et al. (2010). 
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layout of the electrode leads. We were able to considerably simplify and accelerate this process by 
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automatic procedure. Electrode sorting is done manually by clicking on electrodes in the correct 
order using the 2D-3D interface, while numbering is automatically assigned to each electrode, in the 
same step. Labeling (attributing a grid label to each electrode) is done semi-automatically in the last 
step of the pipeline (see Video 1), where the grid label, electrode numbers and grid size are specified 
in the interface.  To overcome the issue of overlapping or missing electrode clusters, the interface 
allows the manual selection of the voxel of the correct electrode’s center-of-mass in the 2D slice view 
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Figure 2 – AFNI-SUMA interface for electrode selection. 
A) SUMA displays the information in a 3D surface space. B) AFNI displays the CT and the electrode-clusters in the 
volume space. These two programs are linked and synchronized, such that an electrode selected in (A) (black 
arrow) immediately updates the position in the volumetric view in (B) (green vertical and horizontal crosshair 
lines). 

 
 
 
Step 4: Electrode co-registration  
This coordinate text file is loaded in Matlab 9.0® and the coordinates are converted to MRI space 

using the affine transformation matrix (𝑇𝑇#$$%&'), produced in Step 1. For this CT space, �⃗�𝑋, is projected 

to the MRI space, �⃗�𝑋#*%+&', as follows: 
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where aij are the elements of the matrix that represent rotation, translation, scaling, aspect ratio and 
shearing transformations. 

 
Step 5: Electrode projection and visualization  
The projection of the electrodes is a crucial step for precise localization, especially due to the 
inevitable leakage of cerebrospinal fluid (CSF) that causes the brain to sag away from the skull due to 
the opening of the skull during surgery (Hill et al., 1998). This mismatch between the MRI and the CT 
is often visible on the post-operative scan where the electrodes may seem to fall inside the cortex on 
the MRI image. The mismatch is corrected by projecting each electrode orthogonally to the surface 
defined by the electrode and its neighbors, onto a smoothed convex hull of the cortex extracted from 
the pre-operative MRI scan (Hermes et al., 2010). This method, validated for clinical grids using 
operative photos, was implemented in the current pipeline by projecting the electrodes to a convex 
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hull computed from the FreeSurfer ribbon mask of the implanted hemisphere. Finally, the electrodes 
are visualized on the FreeSurfer brain surface rendering. 

For high-density ECoG grids, we use and validate the method described in Kubanek and Schalk 
(2015), which projects the high-density electrodes by finding the intersection of the mean normal 
vector of the surface triangles of a smoothed hull of the cortex with vertices within a radius of the 
electrode position. 
 
2.4 Method validation  
To evaluate the accuracy of the current pipeline in the detection of clinical grids, we compared the 
projected electrodes coordinates obtained in Step 5 for subjects S1-S13, with the projected 
electrodes coordinates computed by the currently validated method of Hermes et al. (2010). In both 
cases, electrodes were projected onto the same 3D FreeSurfer brain surface rendering. Mean 
Euclidean distances between electrode coordinates obtained with both pipelines were computed. To 
validate the detection of high-density grids, the projected electrode center-of-mass coordinates of 
two subjects (S14 and S17) were compared with surgical pre-operative photographs, a method 
previously used by Hermes et al. (2010). 
 
 
3. Results 

 
3.1. ALICE implementation 
The ALICE pipeline was integrated and controlled through a graphical user interface designed in 
Matlab 9.0® and tested for Linux and Mac OS platforms. The program uses AFNI and SUMA open-
source software in order to visualize and localize the electrode-clusters. The implementation is 
designed such that the user follows three consecutive steps, from co-registering the CT and MRI 
scans to projecting the electrodes on a cortical surface. An example of using the program to localize 
electrodes for subject S12 can be seen in the Video 1. 

 
3.2 Clinical grids validation  
Electrode coordinates obtained with both the ALICE pipeline and the validated procedure (Hermes 
et al., 2010) were mapped onto the rendering of the cortical surface of each subject’s brain (Figure 3, 
white dots and blue cross, respectively). The mean Euclidean distance (± standard deviation) across 
electrode coordinates computed by the two procedures was calculated per subject (Figure 3) and 
across subjects (Figure 4). Results showed a mean distance between methods of 1.66 ± 1.06 mm 
(mean ± standard deviation), ranging from a minimum average across electrodes per subject of 0.82 
mm and a maximum of 3.02 mm (Figure 4). The mean distance value is well within the projection 
error of 2.6 mm found in (Hermes et al., 2010) and within the average of 3 mm as reported by 
(Dykstra et al., 2012).  
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Figure 3 – Validation. 
For each subject, the electrode coordinates calculated using the method implemented in Hermes et al. (2010) 
(white circles) and ALICE (blue crosses) were displayed (in Matlab 9.0®) on each individuals’ FreeSurfer cortical 
surface rendering of the implanted hemisphere. The mean and standard deviation distance (in mm) across the 
electrode coordinates, d, obtained by the two methods is displayed beneath each subject’s brain surface. N 
represents the number of projected electrodes for each subject. The black shaded region in S13 indicates 
previously resected cortex. Whether the blue cross or the white circle is displayed on top depends on the 3D 
coordinates of the electrode. 
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Figure 4 – Validation results for clinical grids. 
Box-plots of the Euclidean distance between projected electrodes obtained using ALICE and Hermes et al. (2010) 
methods for all subjects (i.e., median distance from all subjects) and per individual subject. In total 744 electrodes. 
White circles with gray dot in the middle indicate the median distance value; the thick gray bars indicate the 50% 
of the distribution; the thin black lines indicate the maximum and minimum distance; and the outliers are 
indicated by empty white circles (i.e., points that are larger than Q3 + 1.5 x (Q3 − Q1) or smaller than Q1 − 1.5 x (Q3 
− Q1), with Q1 and Q3 the 25th and 75th percentile, respectively). A uniform random displacement jitter is used in 
order to make duplicate outlier-points visible 

 
 
 

3.3 Overlapping electrodes 
Sometimes grids overlap, making it difficult to disentangle overlapping electrodes belonging to 
different grids. Here, we illustrate the advantage of presenting the detected electrode clusters 
simultaneously on a 3D surface space. Indeed, using a 3D visualization of the ECoG grids with 
overlapping electrodes (Figure 5), even in strongly curved cortical areas, are easier to identify. After 
manually selecting one electrode’s center-of-mass voxel, a spherical cluster is automatically created, 
thereby enabling disentanglement of overlapping electrodes (Figure 5). 

 
3.4 High-Density grids 
The current pipeline allowed the detection of electrodes in high-density ECoG grids with inter-
electrode distance as small as 3 mm (Figure 6A). Here we show the results (Figure 6) for five patients 
implanted with high-density grids (3 mm and 4 mm inter-electrode distance, respectively), where the 
electrodes were displayed on the rendering of the cortical (FreeSurfer) surface of each patient. Since 
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Figure 4 – Validation results for clinical grids. 
Box-plots of the Euclidean distance between projected electrodes obtained using ALICE and Hermes et al. (2010) 
methods for all subjects (i.e., median distance from all subjects) and per individual subject. In total 744 electrodes. 
White circles with gray dot in the middle indicate the median distance value; the thick gray bars indicate the 50% 
of the distribution; the thin black lines indicate the maximum and minimum distance; and the outliers are 
indicated by empty white circles (i.e., points that are larger than Q3 + 1.5 x (Q3 − Q1) or smaller than Q1 − 1.5 x (Q3 
− Q1), with Q1 and Q3 the 25th and 75th percentile, respectively). A uniform random displacement jitter is used in 
order to make duplicate outlier-points visible 

 
 
 

3.3 Overlapping electrodes 
Sometimes grids overlap, making it difficult to disentangle overlapping electrodes belonging to 
different grids. Here, we illustrate the advantage of presenting the detected electrode clusters 
simultaneously on a 3D surface space. Indeed, using a 3D visualization of the ECoG grids with 
overlapping electrodes (Figure 5), even in strongly curved cortical areas, are easier to identify. After 
manually selecting one electrode’s center-of-mass voxel, a spherical cluster is automatically created, 
thereby enabling disentanglement of overlapping electrodes (Figure 5). 

 
3.4 High-Density grids 
The current pipeline allowed the detection of electrodes in high-density ECoG grids with inter-
electrode distance as small as 3 mm (Figure 6A). Here we show the results (Figure 6) for five patients 
implanted with high-density grids (3 mm and 4 mm inter-electrode distance, respectively), where the 
electrodes were displayed on the rendering of the cortical (FreeSurfer) surface of each patient. Since 

 

the electrode-clustering algorithm may fail to separate nearby electrodes with inter-electrode 
distance smaller than 4 mm (Figure 6B), the pipeline also allows the manual identification of the 
center-of-mass of each electrode in a 3D volume space and create electrode-clusters by using a 
sphere of a given radius centered on a specific voxel (see section: 2.3 - Step 3). 
 
3.4.1 Validation 
To estimate the accuracy of the high-density grid projection, the location of the projected electrodes 
was compared to photos taken during implantation (pre-operative photo). Due to poor visibility of 
the high-density grid of S13, S15 and S16 on the operative photo (mostly located underneath the 
skull), we show results for only S14 and S17 (Figure 7 and Supplementary Figure 1). For that, the 
distance between the electrodes on the rendered brain (Figure 7C, H and I) and the operative photo 
(Figures 7A, B, F and G) was computed. This procedure, previously used in (Hermes et al., 2010), 
uses anatomical features, such as sulci (Figure 7E) and blood vessels (Figure 7D) to match the brain 
rendering to the pre-operative photo. Results (Figure 8) show a mean distance between electrodes 
on the CT and electrodes visible on the operative photo of 1.01 ± 0.41 mm for S14 and 1.94 ± 0.50 mm 
for S17. 
 

 
 

Figure 5 – Detection of overlapped electrodes. 
Example of 6 overlapping electrodes in subject S12. The 3D visualization of the grids allows the user to identify to 
which grid the electrode belongs to and by knowing in advance the clinical grid layout. Even though these were 
not separated in the clustering process, these could be manually detected and added as an extra cluster by placing 
a sphere with center coincident with the center of the electrode as detected in the volume space (see Figure 2). 
The small (yellow) electrode indicated with * is the standard platinum marker of the grid. 



32 

 
Figure 6 – High-density grid electrode detection. 
Electrode clustering in SUMA (insets) of high-density ECoG grids. Visualization of the electrodes was achieved 
using the method described in Kubanek and Schalk (2015) and displayed on the FreeSurfer cortex rendering. A) 
For a grid with 4mm inter-electrode spacing the high-resolution CT has enough resolution to separate all 
electrodes automatically. 3D SUMA surface visualization (inset) shows independent clusters for all electrodes. B) 
Grids with 3 mm electrode distance require some manual interaction (white-circled electrodes). The black shaded 
region in S13 indicates previously resected cortex. 
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Figure 6 – High-density grid electrode detection. 
Electrode clustering in SUMA (insets) of high-density ECoG grids. Visualization of the electrodes was achieved 
using the method described in Kubanek and Schalk (2015) and displayed on the FreeSurfer cortex rendering. A) 
For a grid with 4mm inter-electrode spacing the high-resolution CT has enough resolution to separate all 
electrodes automatically. 3D SUMA surface visualization (inset) shows independent clusters for all electrodes. B) 
Grids with 3 mm electrode distance require some manual interaction (white-circled electrodes). The black shaded 
region in S13 indicates previously resected cortex. 
 

 

Figure 7 – Validation of high-density grid projection. 
An intraoperative photo (B) is used to mark the blood vessels 
(blue, D) and sulci (green, E) for subject S14. The sulci in the brain 
rendering (C) were also identified (red, H). Linear and non-linear 
transformation (to account for cortical curvature lost in the photo) 
were used to map the sulci between (H) and (E), resulting in a 
match (I) between the sulci in the reference photo (B) and the sulci 
in (H) using Photoshop®. A similar procedure was used to match 
the blood vessels (D) to the intraoperative photo with the high-
density grid. The electrodes mapped to the reference photo 
(yellow circles) could be then compared with ones from the CT 
(blue circles) (J). The gray circles in (J) had no match with 
intraoperative photo due to lack of visibility. 

 
 
 
 

 

Figure 8 – Validation results for high-density grids. 
Box-plots of the Euclidean distance between projected electrodes obtained using ALICE and the electrodes 
mapped to an intraoperative photo. White circles with gray dot in the middle indicate the median distance value; 
the thick gray bars indicate the 50% of the distribution; the thin black lines indicate the maximum and minimum 
distance; and the outliers are indicated by empty white circles (i.e., points that are larger than Q3 + 1.5 x (Q3 − Q1) 
or smaller than Q1 − 1.5 x (Q3 − Q1), with Q1 and Q3 the 25th and 75th percentile, respectively). 



34 

4. Discussion 
Accurate localization of the electrodes on the brain surface is crucial for the interpretation of the 
electrocorticography, both in a clinical context and in research. Here we present an integrated 
pipeline that provides a fast and automatic extraction, discrimination and localization of electrodes’ 
center-of-mass from ECoG grids with inter-electrode distance down to 3 mm, and allows visualizing 
them in a combined 2D and 3D space using open-source software (AFNI and SUMA).  

The pipeline was validated for the clinical grids by comparing the electrode position obtained 
with ALICE with the previously validated procedure by Hermes et al. (2010). The error was 
comparably smaller than the error expected from the projection alone (1.66 mm against 2.6 mm; 
(Hermes et al., 2010)), and within the 3 mm average error found by (Dykstra et al., 2012), showing 
that this pipeline yields electrode positions consistent with the already validated methods.  

A unique feature of ALICE is the detection of the electrodes’ center-of-mass from the original 
high-resolution CT scan, before any resampling is performed. A transformation matrix is then directly 
applied to the electrode coordinates, in order to co-register the electrode positions to the MRI scan. 
This feature is essential to accurately localize electrodes in high-density ECoG grids and was 
validated in two subjects, yielding electrode positions highly similar (less than 2 mm distance) to 
those obtained from intraoperative photographs. This feature has not been shown by other pipelines 
(e.g., Blenkmann et al., 2017; Dykstra et al., 2012; Groppe et al., 2017). 

ALICE also introduces a combined and synchronized 2D-3D grid visualization of the high-
resolution CT scan that allows an efficient identification of electrodes according to the electrode grid 
placement. This feature allows for easy detection of overlapping electrodes even in the presence of 
multiple grids and strips. The pipeline automatically detects electrode-clusters from the CT scan, 
allowing for high reproducibility of the results. Moreover, it enables accurate manual identification of 
overlapping electrodes, and electrodes less than 3 mm apart, in an easy and time-efficient manner. 
Of note, with ALICE the complete procedure takes only 0.5-1 hour per patient, depending on the 
number of implanted and overlapping electrode grids. Similar features and performance have been 
recently shown in alternative toolboxes (Blenkmann et al., 2017; Groppe et al., 2017), though 
neither of them show or validate accurate electrodes localization for high density ECoG grids with 
inter-electrode distance down to 3 mm; nor they provide a simultaneous 2D and 3D display of both 
the electrode-clusters and the CT scan.  

The pipeline does have limitations. First, ALICE does not allow for a fully automatic sorting and 
labeling of the electrodes according to the given layout (as shown in Blenkmann et al., 2017), a 
procedure that can be inevitable tiresome. However, manual labeling may be important to avoid 
errors when selecting a group of electrodes belonging to different grids, or in the case of multiple 
overlapping grids and strips. Second, ALICE does not yet allow for the projection of electrodes over 
previously resected cortical areas. Indeed, these resected cortical areas present neither gray nor 
white matter, but are typically filled with a gelatinous substance, supporting the grids. Hence, any 
brain rendering based on white and gray matter segmentations fails to display the correct electrode 
position. Additionally, the current program has implemented only one projection and one 
visualization method (Hermes et al., 2010; Kubanek and Schalk, 2015). Any solution to these 
problems or improvements upon current components can be readily incorporated in the freely 
available current package. 
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those obtained from intraoperative photographs. This feature has not been shown by other pipelines 
(e.g., Blenkmann et al., 2017; Dykstra et al., 2012; Groppe et al., 2017). 

ALICE also introduces a combined and synchronized 2D-3D grid visualization of the high-
resolution CT scan that allows an efficient identification of electrodes according to the electrode grid 
placement. This feature allows for easy detection of overlapping electrodes even in the presence of 
multiple grids and strips. The pipeline automatically detects electrode-clusters from the CT scan, 
allowing for high reproducibility of the results. Moreover, it enables accurate manual identification of 
overlapping electrodes, and electrodes less than 3 mm apart, in an easy and time-efficient manner. 
Of note, with ALICE the complete procedure takes only 0.5-1 hour per patient, depending on the 
number of implanted and overlapping electrode grids. Similar features and performance have been 
recently shown in alternative toolboxes (Blenkmann et al., 2017; Groppe et al., 2017), though 
neither of them show or validate accurate electrodes localization for high density ECoG grids with 
inter-electrode distance down to 3 mm; nor they provide a simultaneous 2D and 3D display of both 
the electrode-clusters and the CT scan.  

The pipeline does have limitations. First, ALICE does not allow for a fully automatic sorting and 
labeling of the electrodes according to the given layout (as shown in Blenkmann et al., 2017), a 
procedure that can be inevitable tiresome. However, manual labeling may be important to avoid 
errors when selecting a group of electrodes belonging to different grids, or in the case of multiple 
overlapping grids and strips. Second, ALICE does not yet allow for the projection of electrodes over 
previously resected cortical areas. Indeed, these resected cortical areas present neither gray nor 
white matter, but are typically filled with a gelatinous substance, supporting the grids. Hence, any 
brain rendering based on white and gray matter segmentations fails to display the correct electrode 
position. Additionally, the current program has implemented only one projection and one 
visualization method (Hermes et al., 2010; Kubanek and Schalk, 2015). Any solution to these 
problems or improvements upon current components can be readily incorporated in the freely 
available current package. 

 

5. Conclusion 
We tested a new method for localizing ECoG electrodes and presented the features of the software 
pipeline. The key features of ALICE include automatic (hence reproducible) localization requiring 
minimal, user-friendly, interaction, short duration of the complete analysis (one hour or less) and 
good performance with high-density grids. The ALICE scripts are freely available upon request to the 
correspondent author, and will be available on GitHub (https://github.com/UMCU-RIBS/ALICE.git) 
upon publication of the manuscript. 
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Video (web version only): 
 

 
 
Video 1 – Grid localization of subject S12 using ALICE. 
ALICE is a program to localize ECoG grids controlled through a graphical user interface designed in Matlab®. 
ALICE uses AFNI and SUMA open-source software to visualize and localize the electrode-clusters. The program is 
divided into 3 steps: MRI-CT co-registration, electrode-cluster extraction and selection, and electrode projection 
onto a cortical brain surface. In first step, three files are selected: the MRI anatomical scan, the FreeSurfer ribbon 
mask and the high-resolution CT. The alignment takes approximately 10 minutes. In the second step, electrode-
clusters are extracted from the high-resolution (not aligned) CT. The clustering function requires three 
parameters, which are automatically suggested. However, the user can also select other values manually. This 
function takes approximately 8 minutes to run. During the electrode selection, both AFNI and SUMA open, 
allowing for a simultaneous and synchronized visualization of the CT scan and the electrode-clusters. Notably, 
this feature allows for an easy identification of overlapping electrodes. After selecting each cluster in a specific 
order, the electrode-clusters coordinates are saved. In the third and last step, the electrode projection method, 
subject name, implanted hemisphere and grid information can be specified. After projection, the resulting figures 
show the projected electrodes displayed onto the subject’s cortical brain surface.   
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Supplementary Figure: 

 
 
 
 

 
 
Supplementary Figure 1 – Validation of high-density grid projection for subject S17. 
A reference intraoperative photo (B) is used to mark the blood vessels (blue, D) and sulci (green, E). The sulci in 
the brain rendering (C) were also identified (red, H). Linear and non-linear transformation were used to map the 
sulci between (H) and (E), resulting in match (I) between the sulci in the reference photo (B) and the sulci in (H) 
using Photoshop®. A similar procedure was used to match the blood vessels (D) to the intraoperative photo with 
the high-density grid. The electrodes mapped to the reference photo could be then compared with ones from the 
CT (J) extracted with ALICE. Mean distance (and standard deviation) across visible electrodes was computed using 
a reference distance between electrodes of 3 mm. Only the visible electrodes (yellow circles) on the intraoperative 
photo are compared with the electrode prediction (blue circles). 
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Abstract 
 

Precise localization of electrodes is essential in the field of high-density (HD) electrocorticography 
(ECoG) brain signal analysis in order to accurately interpret the recorded activity in relation to 
functional anatomy. Current localization methods for subchronically implanted HD electrode grids 
involve post-operative imaging. However, for situations where post-operative imaging is not 
available, such as during acute measurements in awake surgery, electrode localization is 
complicated. Intra-operative photographs may be informative, but not for electrode grids positioned 
partially or fully under the skull. Here we present an automatic and unsupervised method to localize 
HD electrode grids that does not require post-operative imaging. The localization method, named 
GridLoc, is based on the hypothesis that the anatomical and vascular brain structures under the ECoG 
electrodes have an effect on the amplitude of the recorded ECoG signal. More specifically, we 
hypothesize that the spatial match between resting-state high-frequency band power (45-120 Hz) 
patterns over the grid and the anatomical features of the brain under the electrodes, such as the 
presence of sulci and larger blood vessels, can be used for adequate HD grid localization. We validate 
this hypothesis and compare the GridLoc results with electrode locations determined with post-
operative imaging and/or photographs in 8 patients implanted with HD-ECoG grids. Locations 
agreed with an average difference of 1.94 ± 0.11 mm, which is comparable to differences reported 
earlier between post-operative imaging and photograph methods. The results suggest that resting-
state high-frequency band activity can be used for accurate localization of HD grid electrodes on a 
pre-operative MRI scan and that GridLoc provides a convenient alternative to methods that rely on 
post-operative imaging or intra-operative photographs.  

 
 

Keywords: Electrocorticography, high-density, electrode localization, unsupervised, angiogram, 
cortical distance, resting-state, high-frequency band 
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1. Introduction 
Subchronic and acute electrocorticography (ECoG) are increasingly used in the clinical and scientific 
communities in order to investigate and map brain-functions and understand brain-disorders (Jacobs 
and Kahana 2010). ECoG is a technique that acquires brain signals via electrode grids or strips that 
are placed directly on the cortical surface (Freeman et al. 2000; Crone et al. 1998; Lesser, Crone, 
and Webber 2010), without penetrating the cortical tissue. Typical clinical grids used to localize 
seizure foci in patients with intractable epilepsy have an inter-electrode spacing of 1 cm (Salles et al. 
1994; Diehl and Lüders 2000; Lesser et al. 2010). These grids have also been used in other 
applications, ranging from neurostimulation of the cortex of epilepsy patients to reduce seizure 
occurrence (Heck et al. 2014), to providing stroke patients with neurofeedback for rehabilitation 
(Gomez-Rodriguez et al. 2011) and Brain-Computer Interfaces (Leuthardt et al. 2004; Vansteensel 
et al. 2016). In recent years, however, electrode grids with higher spatial resolution have been 
increasingly used to facilitate the diagnosis of neural pathophysiology (Van Gompel et al. 2008) and 
for brain research (Slutzky et al. 2010; Flinker et al. 2011; Siero et al. 2013; Bouchard and Chang 
2014; Branco et al. 2017a). Indeed, ECoG grids with increased spatial density, hereafter referred to 
as high-density (HD) grids, are particularly useful for investigating fine-scale cortical dynamics (Kellis 
et al. 2016; Wang et al. 2016), given the fact that electrodes spaced as close as a few millimeters still 
provide discriminable information (Slutzky et al. 2010; Siero et al. 2013). 

In both clinical and research applications of HD-ECoG, the precise localization of each contact 
point is crucial to accurately pinpoint the source of activity. To date, the available HD-ECoG 
localization methods make use of post-operative Computed Tomography (CT) scans (Branco et al. 
2017b; Hamilton et al. 2017). In the absence of post-operative imaging, however, such as during 
intra-operative (awake) recordings, or when post-operative imaging provides insufficient or no 
information about the implanted electrodes, there is currently, to our knowledge, no technique 
available that allows for accurate localization of HD-ECoG grids. For intra-operative cases (e.g., Jiang 
et al. 2015), HD grids could potentially be localized using intra-operative localization methods 
currently used to localize standard clinical grids and which make use of a neuronavigator (Gupta et 
al. 2014), intra-operative photography, or intra-operative fluoroscopy (Randazzo et al. 2016). 
However, these methods have not been validated for HD grids and are not suitable for electrodes 
hidden from view (under the skull). 

Here we present a novel method for HD grid localization on the basis of ECoG resting-state 
signals combined with pre-operative MRI information of the brain structure and vasculature. This 
method is based on two hypotheses. First, based on a previous study that showed that larger blood 
vessels attenuate the high-frequency band (HFB) power recorded from clinical ECoG electrodes 
(Bleichner et al. 2011), we postulate that this effect would also be present in HFB ECoG recordings of 
HD grids. Second, since the distance between the electrode and the cortical surface is likely to 
influence the acquired signal amplitude, we further postulate that HFB power is also attenuated in 
electrodes over a sulcus.  

We tested the above hypotheses by comparing the HFB pattern, as estimated based on the 
postulated attenuation effects at the grid localization computed using post-operative CT images 
(Hermes et al. 2010), with the actual measured HFB pattern. For this, data was used from 5 subjects 
for whom a CT-scan was available. Since the standard localization methods can only estimate but not 
determine true electrode locations relative to the cortex (due to brain shift and assumptions about 
projecting electrodes to the cortical surface in the pre-operative MRI), we then evaluated whether we 
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could determine grid location solely based on the attenuation effects. For this we developed and 
tested a method, named GridLoc (Grid Localization), for finding the best fit between estimated and 
measured HFB patterns by allowing the grid to shift and rotate. This method was evaluated in 8 
patients scheduled for or undergoing epilepsy surgery. Since there is no ground truth reference to 
compare results with, we report the gain in agreement between measured and estimated HFB values 
as compared to CT-based localization, and display the optimal position relative to the position 
obtained with the accepted gold-standard methods, such as a post-operative imaging or intra-
operative photos (Hermes et al. 2010; Branco et al. 2017b). 
 

 
2. Materials and Methods 

 
2.1 Subjects 
Data from 8 patients who underwent surgery for removal of their focus of epilepsy were used.  Six 
subjects (S1-S6) were implanted with ECoG grids 5-7 days before resection (chronic grids) and two 
only underwent ECoG during surgery (acute grids). All patients were implanted with high-density 
(HD) ECoG grids (Table 1) and gave consent to participate in the study. For 5 subjects (S1-3 and S5-
6), the electrode positions, as predicted with the new GridLoc method (detailed below), were 
compared with locations obtained with a standard localization method (Hermes et al. 2010; Branco 
et al. 2017b), where the clinical post-operative CT scan (Philips Tomoscan SR7000, Table 1) was co-
registered with their structural MRI scan. For the other three subjects (S4, chronic grid; and S7 and 
S8, acute grids) the GridLoc electrode positions were compared with (visible) locations determined 
with intra-operative photographs (Hermes et al. 2010). The study was approved by the ethical 
committee of the University Medical Center Utrecht, in accordance with the Declaration of Helsinki 
(2013). 

 
2.2 ECoG data acquisition and analysis 
Resting-state HD-ECoG data was recorded for 3 minutes from 7 subjects (S1-S6 and S8), and for 1.5 
minutes from S7. Two systems were used for recording, being a 128-channel Micromed recording 
system (Treviso, Italy; hardware band-pass filter 0.15-134.4 Hz; sampled at 512 Hz), and a BlackRock 
system (Salt Lake City, USA; sampled at 2000 Hz). After confirming that data did not contain 
epileptic events nor burst suppression (as determined by a qualified clinician), the data were analyzed 
offline using the Fieldtrip Toolbox (Oostenveld et al. 2011) in a MATLAB® environment. All signals 
were first band-pass filtered (0.5-134 Hz) and notch filtered at 50 and 100 Hz to remove line noise. 
Subsequently, the signals were re-referenced using the common average reference (CAR) of all 
included HD-ECoG channels. Some channels were excluded because of broken leads, flat or 
abnormally noisy signals (Table 1). Frequency analysis was performed using the Morlet wavelet 
dictionary, with multiplication in the frequency domain (length equal to 3 standard deviations of the 
implicit Gaussian kernel and width 7 cycles). High-frequency band (HFB) power was extracted for the 
frequency range of 45 -120 Hz in steps of 1 Hz (or 2 Hz in case of 2000 Hz sampling frequency), and 
averaged across all bins. The HFB power signals were extracted per channel and averaged over time. 
The measured distribution of HFB power over the grid was taken as the measured HFB pattern. 
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2.3 Anatomical and vascular acquisition analysis 
For each subject, a 3T structural MRI scan (T1-weighted) was acquired (Philips Achieva, Best, The 
Netherlands). For two subjects (S1 and S2), Magnetic Resonance Angiogram (MRA) scans were also 
acquired at 3T to localize the blood vessels using a 3D gradient echo sequence (phase contrast 
angiography, Philips Achieva, Best, The Netherlands). The resolution of both types of scans was 1 
mm isotropic (whole brain). For two other subjects (S7 and S8) a structural MRI was performed with 
gadolinium contrast, which provided vascular contrast (albeit less detailed than an MRA). For S7 this 
scan was of poor quality, but it provided suitable information for the central part of the HD grid (64 of 
the 128 electrodes, see Table 1). For each subject, the cortical surface model was obtained by 
segmentation of the structural MRI, using FreeSurfer (https://surfer.nmr.mgh.harvard.edu/). This 
generates a triangular mesh lining the surface (including sulci), in which every vertex represents a 
point in an [X,Y,Z]-coordinate space with a specific value (weight).  

To test our hypotheses, we defined a model that estimates the HFB attenuation pattern (i.e., the 
estimated HFB pattern) based on vascular and cortical features, hereafter defined as the angiogram 
component and the anatomy component: 

 
			Estimated	HFB	Pattern	 = 	𝛼𝛼 ⋅ Angiogram+ 𝛽𝛽 ⋅ Anatomy	,																												(1) 

 
with 𝛼𝛼 and 𝛽𝛽 being the model component weights. For the model, an equal contribution from each 
component was assumed (𝛼𝛼 = 𝛽𝛽 = 0.5).  

A degree of attenuation was assigned to each electrode in the grid (Figure 1), based on these two 
components. The angiogram component contributes to the model with the attenuation that arises 
from the presence of blood vessels under the electrode, as identified by an MRA or structural MRI 
scan with gadolinium contrast. These scans were first co-registered to the individual T1-weighted 
scans in SPM12 (http://www.fil.ion.ucl.ac.uk/). The angiogram intensity values were thresholded 
manually, such that the vessels were optimally displayed on the cortical surface mesh. Subsequently, 
the angiogram values were normalized (between 0 and 1) and displayed on the cortical surface model 
(using standard methods). Lastly, the normalized values were inverted such that 0 represented a 
vessel (smallest signal amplitude, higher attenuation) and 1 otherwise (largest signal amplitude, 
lower attenuation). All vertices with a value between 0 and 1 were set to 0 to increase the visibility of 
the blood vessels. Considering this factor, we calculated the average angiogram value of the vertices 
located within a 3 mm radius from each inspected electrode coordinate. This then resulted in a 
(mean) value between 0 and 1 per electrode, where a value close to 0 means there are blood vessels 
located in the direct vicinity (≤ 3 mm radius) of the electrode coordinate and a value of 1 means that 
there are no blood vessels located in the direct vicinity of the electrode.  

The anatomy component represents the Euclidean distance from the electrode location to the 
cortical surface model. For that, the mean normal vector of the vertices within 25 mm of an electrode 
coordinate was used to project the electrodes onto the cortical surface. Both the normal vector and 
the subject’s cortical model were based on the freely available NeuralAct Toolbox (described by 
Algorithm 1 in Kubanek and Schalk 2015). The Euclidean distances from the electrodes to their 
projections onto the surface model (along the averaged normal vector) were then also normalized 
between 0 and 1, such that 1 was the smallest distance to the surface (lower attenuation) and 0 the 
largest (higher attenuation). 
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2.4 Evaluation of the postulated attenuation patterns 
In a first step, we assessed how well the above model predicts the measured HFB patterns. For that, 
the estimated HFB pattern was compared to the measured HFB pattern by means of a Pearson 
correlation. The estimated HFB pattern was computed for 5 subjects (S1-S3, S5 and S6) for whom a 
CT scan was available. In order to determine which model component (angiogram and anatomy) best 
estimated the HFB pattern, the correlation to each component separately was also computed. To 
assess the statistical significance of the correlation values, we randomly permuted the HFB values 
1000 times in order to obtain an empirical null distribution of correlation values on random 
observation (Combrisson and Jerbi 2015).  

 
2.5 Evaluation of the GridLoc localization method 
In a second step, we tested whether the use of the postulated model could be used to determine the 
position of HD grids on the brain. For that we developed an unsupervised and automatic method 
(GridLoc) that estimates the grid position. The GridLoc method iteratively moves the grid over the 
cortical surface area and computes the correlation between the measured HFB spatial pattern and 
the estimated HFB pattern computed with Equation 1 at each step. The highest correlation indicates 
the best (estimated) grid position. The initial center and orientation of the grid is specified à priori by 
the user. From there, the search for the best fit is conducted unsupervised. The search-space is 
defined as follows: first, a region-of-interest (ROI) is defined by N x N array of center-points, spaced 1 
mm apart (Figure 2A). A two-dimensional grid template, with the same inter-electrode spacing as 
the implanted grid, is defined on the plane tangent to the cortex at the initial starting point and is 
translated within the ROI to every point (Figure 2B). The grid template is additionally rotated up to a 
45º angle with 1º increments in each direction, to account for different grid orientations within the 
ROI (Figure 2C). The search-space is then defined as the combined area of all possible grid template 
positions. For every translation and rotation, the electrodes on the grid template are projected to the 
cortex (Figure 2D) (Kubanek and Schalk 2015). For each projected grid position the Pearson 
correlation was computed, and the position with the highest correlation was denoted the estimated 
grid position. Moreover, the estimated grid position was also computed using each model component 
(angiogram and anatomy) separately. To assess the significance, a non-parametric permutation test 
was used (Combrisson and Jerbi 2015), where the correlation values for all grid positions were used 
to determine the empirical null distribution. Finally, for each subject the estimated grid position was 
compared with the one determined with the standard method described before (with post-operative 
CT or intra-operative photography), yielding a mean and standard deviation of distances between 
electrodes of both methods.  
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Figure 1 – Computation of the estimated HFB pattern. 
Example of the computation of the estimated HFB pattern computed for subject S1 at the specific grid location 
indicated by the black square. For each electrode on the 8 x 8 grid (matrix) the estimated HFB values were 
computed by summing the anatomy and angiogram components with equal weights (0.5). Each component is 
represented as values between dark blue (i.e., lower signal amplitude, high attenuation) and yellow (i.e., higher 
signal amplitude, low attenuation). The anatomy component was computed by measuring the distance between 
the electrodes and the cortical surface. The angiogram component (black vessels on the brain cortical surface) 
was based on the number of vertices identified as a vessel within 3 mm from the electrode. 

 
 
 

3. Results 
 
3.1 Correlation between measured HFB and estimated HFB patterns 
For all 5 subjects with an available CT scan, the correlation between the measured HFB and 
estimated HFB patterns was positive. For subjects S1 and S2 (Figure 3A), for whom an angiogram 
was available, the measured HFB pattern significantly correlated with the estimated HFB pattern, 
with correlations values of 0.63 and 0.75 (p-value < 0.001), respectively. For these two subjects, the 
angiogram component seemed to correlate higher than the anatomy component (0.59 and 0.67, 
against 0.37 and 0.29, respectively), but not as high as the two components combined (Figure 3A). 
For three other subjects (S3, S5 and S6, Figure 3B), only the anatomy component was available. The 
correlations were 0.10, 0.11 and 0.49, for S5, S6 and S3 respectively, of which only the last was 
significant (p-value < 0.001). Overall, the results indicate that the model significantly predicts the 
measured HFB spatial patterns at the known grid position, and that the combination of both the 
angiogram and anatomy components can explain the HFB patterns better than any of these 
components alone. Notably, in the model, the two components (angiogram and anatomy) were 
summed with equal weights (Equation 1, 𝛼𝛼	 = 𝛽𝛽 = 	0.5). To investigate if these weights yielded 
optimal results, a weight optimization was carried out by comparing all possible combinations of 0	 ≤
	𝛼𝛼	 ≤ 	1 and 0	 ≤ 	𝛽𝛽	 ≤ 	1 (with the constraint 𝛼𝛼	 + 	𝛽𝛽	 = 	1). Optimal settings per subject yielded a 
minor mean increase across subjects of the correlation values of only 0.04. Hence, all results shown 
here use equal weights. 
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Figure 2 – Search-space.  
(A) A region-of-interest (ROI, yellow squared-grid) is defined as the complete set of N x N array of center-points 
(small yellow square), in which a grid template will be centered and which are spaced 1 mm apart. The search-
space is the combined area of all possible grid template location (i.e., combinations of translations (B) and 
rotations (C)). (B) Each grid is translated through all points in the ROI and (C) rotated around its center from -45º 
to 45º. For each point in the array of center-points and rotation angle the grid template (see light and dark blue 
circles for two examples of grid positions) is projected from the tangent plane to the cortical surface (D). 

 
 
 
3.2 GridLoc optimization results  
The initial ROI center was specified per subject and the ROI size used was 11 mm x 11 mm for subjects 
S1-S6 and S8. For S7, an ROI of 18 mm x 18 mm was chosen because the grid center was hard to 
determine from the intra-operative photograph due to the angle of view. As a result, there were 121 
or 324 center-points around which the grids were positioned (see section 2.7) and a total of 121 x 90º 
or 324 x 90º grid locations to test.  
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Figure 3 – Comparing measured and estimated HFB patterns at the CT-based grid location. 
(A) For two subjects, S1 and S2, both angiogram and anatomy components were available. The HFB pattern was 
compared with the estimated HFB pattern, the angiogram and the anatomy components by means of Pearson 
correlations (correlation values are indicated below). The estimated HFB pattern is the result of the equally-
weighted sum of the angiogram and anatomy components. (B) For three subjects, S3, S5 and S6, the angiogram 
component was not available. (A-B) The grid location computed using post-surgical CT scans is shown on the left 
column (black dots). Electrodes excluded from analysis are marked with a red circle on the measured HFB 
patterns. The color-map represents low (dark blue) and high (yellow) attenuation levels. 
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For five subjects (S1-S3 and S5-S6), the location as predicted using GridLoc was compared with 
the ones computed using a method based on post-operative CT scans (Figure 4). For these subjects, 
the mean Euclidean difference between the two methods was 2.45 ± 0.16 mm (mean ± SEM, Table 
2). The mismatch between the two positions was mainly caused by small translations and rotations. 
For three subjects (S4, S7 and S8), validation was carried out by comparing the estimated grid 
position (Figure 5) to the operative photos (explantation photo for S4; and intra-operative photo for 
S7 and S8). For that, the 2D distance between the electrodes on the rendered brain and the operative 
photo was computed. This procedure, previously used in (Hermes et al. 2010), uses anatomical 
features, such as sulci and blood vessels to match the brain rendering to the intra-operative 
photograph (Supplementary Figures 1, 2 and 3). Results (Table 2) showed a mean (± std) distance 
between the GridLoc prediction and electrodes visible on the intra-operative photograph of 1.35 ± 
0.64 mm for S4, 1.44 ± 0.86 mm for S7 and 1.00 ± 0.30 mm for S8. Overall, the estimated HFB 
patterns correlated well with the measured HFB pattern, yielding a mean correlation of 0.62 ± 0.15 
(p-value < 0.001 for all subjects, Table 2). The model explained, thus, on average 38% of the resting-
state HFB power variation across electrodes. This correlation was significantly higher than the 
correlation between the measured HFB pattern and the estimated HFB pattern obtained at the grid 
location computed using the CT-based method (see previous section; Wilcoxon signed rank test, 
median 0.49 against 0.64, N=5, p-value < 0.05).  

In order to assess which model component (angiogram or anatomy) best estimated the grid 
position, the latter was also calculated using each component independently. Results for 4 subjects, 
for whom both angiogram and anatomy components were available, showed that a prediction based 
on one component alone may converge to an erroneous position, while using both components the 
prediction converges to the optimal position as determined using standard methods (Figure 6). For 
S7 and S8 the CT-based location was not available, but the GridLoc position showed to be close to 
the grid position as derived from intra-operative photographs (see Table 2 and Supplementary 
Figures 2 and 3). 

 
3.3 GridLoc computing time  
The current method requires minimal user interaction, as it only requires the user to the set the 
center of the search-space and orientation of the grid, and define the angiogram threshold value. The 
algorithm subsequently performs an automatic and systematic search using a default precision (step-
size) of 1 mm and 1º. These step-size values can be further decreased by the user, leading to higher 
precision at the expense of longer computational time. The time consumption of the GridLoc 
computation increases linearly with the size of the ROI and the number of electrodes. 
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Figure 4 – Validation of the electrode grid position for five subjects using post-operative CT. 
(A) For two subjects both the angiogram and anatomy components and post-operative CT were available. The 
estimated grid position (blue circles) is displayed together with the CT-based grid position (black squares), as 
detected using the CT scan. The angiogram component is displayed for each subject for the region of interest 
(insert). The measured HFB spatial pattern was correlated with the estimated HFB pattern at every grid location, 
except for the excluded channels (marked with red dots). The highest correlation yielded the estimated grid 
position. (B) For three subjects the angiogram component was not available, hence the grid prediction was based 
solely on the anatomy component. All spatial patterns are displayed using a color-map where yellow represents 
low signal attenuation, and blue represents high signal attenuation. 
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Figure 5 – Validation of the electrode grid position for three subjects using intra-operative photographs. 
(A) Estimated electrode grid position (blue circles) using the GridLoc method for subject S4. This subject had no 
angiogram scan. The measured HFB spatial pattern was correlated with the estimated HFB pattern at every grid 
location. The highest correlation yielded the estimated grid position. (B) A structural MRI scan with gadolinium 
contrast was available for subjects S7 and S8, hence the model was composed of angiogram and anatomy 
components. The angiogram component is displayed for each subject for the region of interest (insert). (A-B) The 
estimated grid position is displayed together with the partial grid position based on the visible parts of the grid on 
the intra-operative photographs (black squares/corners estimated from Supplementary Figures 2 and 3). The 
measured HFB spatial pattern was correlated with the estimated HFB pattern at every grid location, except for the 
excluded channels (marked with red dots). All spatial patterns are displayed using a color-map where yellow 
represents low signal attenuation, and blue represents high signal attenuation.  
 
 

 
Table 2 – Summary of the GridLoc results per subject. 

Subject 
No. 

Mean difference 
GridLoc and 

CT/photography 
(mm) 

Standard 
deviation of 

difference 
(mm) 

Correlation 
Measured and 

Estimated HFB 
pattern 

Available 
components 

Validation 
method 

S1 1.31 0.47 0.70 
Anatomy and 

angiogram 
CT 

S2 0.56 0.33 0.89 
Anatomy and 

angiogram 
CT 

S3 2.64 0.34 0.64 Anatomy CT 

S4 1.35 0.64 0.61 Anatomy 
Intra-operative 

photo 

S5 2.71 0.45 0.50 Anatomy CT 

S6 3.14 0.52 0.39 Anatomy CT 

S7 1.44 0.86 0.46 
Anatomy and 

angiogram 
Intra-operative 

photo 

S8 1.00 0.30 0.68 
Anatomy and 

angiogram 
Intra-operative 

photo 

Mean 1.94 0.51 0.62   

SEM 0.11     
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Figure 6 – GridLoc location using anatomy, angiogram or both components. 
GridLoc grid location predicted using a model based on the combined angiogram and anatomy components (blue 
square), angiogram alone (red square) or anatomy alone (yellow square) for four subjects (S1, S2, S7 and S8), for 
whom both angiogram and anatomy components were available. GridLoc positions are also compared with the 
CT-based (S1 and S2) or photography-based (S7 and S8; estimated from Supplementary Figures 2 and 3) gold-
standard location (black shaded square). 

 
 

 
4. Discussion 
 
4.1 Evaluation of postulated attenuation patterns 
Accurate localization of high-density intracranial grids is crucial for the valid interpretation of the 
acquired signals. Here, we hypothesized that the distance of an electrode to the cortical surface 
imposed by an underlying blood vessel and/or sulcus causes attenuation of the HFB power. HFB 
resting-state spatial power patterns were compared to a model where attenuation was introduced 
based on the presence of a blood vessel beneath the electrode and its distance to the cortical surface. 
The model was obtained from the grid position as estimated with a conventional CT-based method 
(Hermes et al. 2010; Branco et al. 2017b). The correlation between measured and estimated HFB 
patterns was highest when both angiogram and anatomy components were available. These results 
indicate that the amplitude of the HFB power is indeed attenuated in electrodes on sulci and large 
vessels, extending earlier results (Bleichner et al. 2011).  

 
4.2 GridLoc grid localization 
Based on the attenuation results, we then tested whether the use of such information could be used 
to determine the position of HD grids on the brain. The correlation between measured HFB pattern 
and estimated HFB pattern was optimized by means of iterative rotation and translation. For this, an 
automatic and unsupervised search algorithm was developed for finding the most likely grid position 
on the cortical surface using features from the ECoG data. The GridLoc method was applied to 8 
subjects, four of whom had angiograms available. The resulting estimated grid positions were 
compared to those obtained with conventional methods using post-operative CT scans or intra-
operative photos (Hermes et al. 2010; Branco et al. 2017b).  
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The estimated grid positions showed small rotation and translation displacements relative to the 
conventional location methods, with a mean difference of 1.94 mm (SEM = 0.11 mm) across all 
subjects. Additionally, the GridLoc method yielded a significant increase in correlation values 
(between measured HFB pattern and the estimated HFB pattern) as compared with correlation 
values based on the conventional CT-based location. Since there is no way to determine the true grid 
position, there is no objective way of assessing the accuracy of either the GridLoc or the conventional 
localization methods. However, taking above findings together, we argue that the GridLoc method 
may be more accurate than the conventional CT- or photograph- based approaches. It seems 
reasonable that this is due to the fact that the GridLoc method does not suffer from limitations 
inherent to the CT and intra-operative photos methods, in particular brain-shift-related electrode 
projection errors or inconsistent photograph angles, respectively. 

Although the results showed a fair prediction using an anatomy component only, the best results 
were found for the subjects who also had an angiogram (S1, S2 and S8). That is, the model combining 
both components generally yielded the highest scores and the closest position to the positions 
obtained with the conventional methods. Hence, the GridLoc algorithm seems to work best when 
both anatomical and angiographic information are obtained before surgery. 

 
4.3 Assumptions and limitations 
The GridLoc method relies on three assumptions. Firstly, the current method relies on the structural 
and vascular geometry from which the grid is recording. That is, the method assumes that the inter-
electrode distance is small enough and grid coverage is large enough to capture enough vessels and 
sulci to match a spatial pattern that is regionally unique. Hence, it may be expected that for HD-grids 
covering an area smaller than 1000 mm2 (e.g., 32 electrodes, 3 mm inter-electrode distance), or with 
an inter-electrode distance larger than 4 mm, the specificity of the spatial pattern approaches a limit 
for an accurate localization.  

Second, the method assumes that the inter-electrode distance is known and is constant, and that 
the distance between the tangent plane where the grid lays and the cortical surface is small enough, 
such that the inter-electrode distance between the electrodes is preserved after projection. This 
ignores the potential reduction of curvature of the cortical surface after deformation due to loss of 
ventricular cerebrospinal fluid (deflation typically results in surface shrinkage as the cortex flattens). 
With the projection of the ‘deflated’ cortex to the full pre-surgical cortical surface, electrode 
distances should ideally adapt to the increase in surface. This inaccuracy increases with total grid 
surface. One way to address this could be to allow inter-electrode distances to vary, to a certain 
degree, in the optimization procedure.  

Third, the method also assumes that the HD grid position is roughly known and that only the 
exact position and orientation are yet to be determined. Indeed, the algorithm requires the setting of 
an initial region-of-interest, which subsequently defines the search-space. This assumption is fair 
since grid positions are often carefully chosen by the surgeon. Uncertainty of the position can be 
addressed by increasing the search space which will affect computation time. 

Several factors limit the quality of the data used. For one, angiograms did not always yield clear 
and complete blood vessel information. Since the results demonstrate that angiographic information 
is important for accurate localization, acquisition of high-quality angiogram images is warranted. The 
quality of the resting-state data, although difficult to determine, could have been also limited by 
inter-ictal activity or by anesthesia. However, such confounds are likely to produce a positive bias in 
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our analysis, as they introduce a non-geometric suppression of the HFB, and would thereby limit the 
precision of the method. Hence, a degree of data inspection is advised for confound-free resting-
state measurements. 

 
 
5. Conclusion 
We show that high-frequency band power is affected by factors that increase the distance between 
ECoG electrodes and the brain tissue. The power is attenuated in electrodes positioned on top of a 
blood vessel or on a sulcus. This phenomenon makes it possible to estimate the position of an 
electrode grid on the cortical surface based only on pre-operative structural and angiographic MR 
images, and a few minutes of resting-state ECoG data. Therefore, we present an automatic, 
unsupervised and accurate method for localization of high-density intracranial grids, named GridLoc, 
as an alternative to methods that rely on post-operative imaging or intra-operative photographs. The 
GridLoc software is customizable and allows the use of varying grid-, ROI- and step-sizes. The 
algorithm was developed in Matlab®, was tested in the Linux, Windows and Mac environments, and 
is freely available on github (https://github.com/UMCU-RIBS/GridLoc).  
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Supplementary Figures: 
 
 
 
 

 
 
 
Supplementary Figure 1 – Validation using operative photo for subject S4. 
An explantation photo was used to mark the blood vessels (green lines) and sulci (pink lines) for subject S4. The 
sulci in the MRI rendering were also identified (white lines). Linear and non-linear transformation (to account for 
cortical curvature lost in the photo) were used to map the sulci in the MRI rendering and the reference photo using 
Photoshop®. A similar procedure was used to match the blood vessels to the explantation photo with the (visible) 
high-density grid. The electrodes mapped to the reference photo (yellow circles) could be then compared with 
those predicted by GridLoc (red circles). 
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Supplementary Figure 2 – Validation using operative photos for subject S7. 
An intra-operative photo with the high-density grid was used to mark the blood vessels (pink lines) and sulci 
(green lines) for subject S7. The sulci in the MRI rendering were also identified (white lines). Linear and non-linear 
transformation (to account for cortical curvature lost in the photo) were used to map the sulci of the MRI 
rendering and the reference photo using Photoshop®. A similar procedure was used to match the blood vessels to 
the intra-operative photo with the (visible) high-density grid. The electrodes mapped to the reference photo 
(yellow circles) could be then compared with those predicted by GridLoc (blue circles). For validation only 64 
electrodes from the middle part of the grid (from row 5 to row 12, 8 columns) were used. 
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Supplementary Figure 2 – Validation using operative photos for subject S7. 
An intra-operative photo with the high-density grid was used to mark the blood vessels (pink lines) and sulci 
(green lines) for subject S7. The sulci in the MRI rendering were also identified (white lines). Linear and non-linear 
transformation (to account for cortical curvature lost in the photo) were used to map the sulci of the MRI 
rendering and the reference photo using Photoshop®. A similar procedure was used to match the blood vessels to 
the intra-operative photo with the (visible) high-density grid. The electrodes mapped to the reference photo 
(yellow circles) could be then compared with those predicted by GridLoc (blue circles). For validation only 64 
electrodes from the middle part of the grid (from row 5 to row 12, 8 columns) were used. 

 
 

 

 
 
 
 

 
 
 
Supplementary Figure 3 – Validation using operative photos for subject S8. 
An intra-operative photo with the high-density grid was used to mark the blood vessels (pink lines) and sulci 
(green lines) for subject S8. The sulci in the MRI rendering were also identified (white lines). Linear and non-linear 
transformation (to account for cortical curvature lost in the photo) were used to map the sulci of the MRI 
rendering and the reference photo using Photoshop®. A similar procedure was used to match the blood vessels to 
the intra-operative photo with the (visible) high-density grid. The electrodes mapped to the reference photo 
(yellow circles) could be then compared with those predicted by GridLoc (blue circles). 
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Abstract 

 
Objective High-frequency band (HFB) activity, measured using implanted sensors over the cortex, is 
increasingly considered as a feature for the study of brain function and the design of neural-implants, 
such as Brain-Computer Interfaces (BCIs). One common way of extracting these power signals is 
using a wavelet dictionary, which involves the selection of different temporal sampling and temporal 
smoothing parameters, such that the resulting HFB signal best represents the temporal features of 
the neuronal event of interest. Typically, the use of neuro-electrical signals for closed-loop BCI 
control requires a certain level of signal downsampling and smoothing in order to remove 
uncorrelated noise, optimize performance and provide fast feedback. However, a fixed setting of the 
sampling and smoothing parameters may lead to a suboptimal representation of the underlying 
neural responses and poor BCI control. This problem can be resolved with a systematic assessment of 
parameter settings. 
Approach With classification of HFB power responses as performance measure, different 
combinations of temporal sampling and temporal smoothing values were applied to data from 
sensory and motor tasks recorded with high-density and standard clinical electrocorticography 
(ECoG) grids in 12 epilepsy patients. 
Main results The results suggest that HFB ECoG responses are best performed with high sampling 
and subsequent smoothing. For the paradigms used in this study, optimal temporal sampling ranged 
from 29 Hz to 50 Hz. Regarding optimal smoothing, values were similar between tasks (0.1-0.9 s), 
except for executed complex hand gestures, for which two optimal possible smoothing windows 
were found (0.4-0.6 s and 0.9-2.7 s). 
Significance The range of optimal values indicates that parameter optimization depends on the 
functional paradigm and may be subject-specific. Our results advocate a methodical assessment of 
parameter settings for optimal decodability of ECoG signals.  

 
 

Keywords: Electrocorticography, Brain-Computer Interface, Sensorimotor cortex, High-frequency 
band, Wavelets, Temporal sampling, Temporal smoothing 
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1. Introduction 
The brain’s spontaneous electrical activity is a complex combination of multiple oscillations and other 
broadband non-oscillatory phenomena with independent frequency bands but with complementary 
underlying mechanisms (Crone et al., 1999; Miller et al., 2009b). Several recording techniques have 
been used to capture these signals, such as electroencephalography (EEG), magnetoencephalogram-
phy (MEG) and electrocorticography (ECoG). From these signals, researchers try to extract 
information about neuronal mechanisms underlying perception and behavior. ECoG has recently 
received increasing interest, since it provides a direct measure of neuronal activity in the human brain 
and benefits from a very high spatial and temporal signal resolution, permitting, in particular, to 
capture higher frequency changes in the signal  (Crone et al., 1999; Leuthardt et al., 2004). These 
features are especially valuable in the design of neural-implants, such as Brain-Computer Interfaces 
(BCI)  (e.g., Hochberg et al., 2012; Vansteensel et al., 2016). In the last decades, the study of brain 
function in this field has relied mostly on the interpretation of this higher-frequency spectral content 
(>50 Hz, also referred to as high-frequency band, HFB, power) of the brain signals  (Crone et al., 
1999; Miller et al., 2007, 2009a), since it is associated with a time-locked neuronal response to 
discrete stimuli or motor actions  (Buzsáki and Wang, 2012; Crone et al., 1999; Hermes et al., 
2012). Evoked neuronal responses expressed as transient changes in HFB power have been 
associated with synaptic mechanisms and firing rates of neurons  (Buzsáki and Wang, 2012; Miller 
et al., 2009b), but the detailed relationship between HFB signals and their underlying neuronal 
mechanisms is not yet fully understood.  

Considering that electrical brain signals are composed of task-evoked neuronal events with 
certain temporal features (actions or responses to cues) and electrophysiological noise, produced by 
uncontrolled neuronal processes, the matter of separating these two is key to extracting information 
about brain function. The extraction of HFB power from the raw signal, as a proxy for these neural 
events, can be performed with one of several methods, including Fourier, Hilbert or Wavelet 
transform. Even though these three methods are mathematically equivalent  (Bruns, 2004), wavelet-
based signal analysis is a commonly used approach for power extraction, particularly in paradigms 
where the signals are expected to show dynamics on a short temporal scale  (Bruns, 2004). The usual 
computational implementation of this method (and of the above mathematically equivalent 
approaches) typically requires the specification of at least two parameters: the temporal sampling of 
the extracted power signal and the temporal smoothing applied to the resulting signal. Since the 
temporal features of the underlying task-evoked events are unknown, there is, currently, no “gold-
standard” for the optimal values of these parameters. However, the choice of these parameters for 
extraction of HFB signals must be taken in account especially when designing and implementing BCI 
systems  (Branco et al., 2017a; Hotson et al., 2016). For example, in the case of real-time neuro-
feedback, most systems rely on acquisition and processing filters, such as those implemented in the 
BCI2000 platform  (Schalk et al., 2004). Brain signals acquired and processed in real-time require 
digitization in order to be processed by a computer. An efficient system has a very tight compromise 
between speed of processing and the amount of information digitized from the analog signals 
(sampling rate). That is, the more samples the system extracts per unit of time, the bigger is the 
delay between source and feedback. Additionally, in the offline analysis of brain function using ECoG, 
sophisticated analysis over large amounts of ECoG data (i.e., tens of electrode channels and hours of 
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data) often demands downsampling of signals to avoid exhausting computer memory and processing 
capacity and to limit computation time. Temporal smoothing, on the other hand, is useful to mitigate 
the occurrence of transient, spiky and uncorrelated noisy components. Importantly, however, 
downsampling and smoothing may affect the shape of the HFB signal, for example by introducing 
low-frequency components (known as aliases) into the signal and causing it to deviate from the 
actual shape of the underlying neural response. Consequently, the careful selection of sampling and 
smoothing parameters may be the key to an optimal interpretation and usage of the HFB power 
signals. 

In the current study, we addressed the following question: how do parameter settings affect 
decoding performance of discrete events? We present a method for determining the minimum 
required temporal sampling of the signal and the optimal temporal smoothing to reduce or filter the 
signal’s noise component. Two different metrics, both relevant for BCI purposes, were used to attest 
the quality of the HFB power signal: classification decoding accuracy, which allows to distinguish 
different classes of the task, and the significant normalized difference between active and rest 
conditions, as a measure of contrast-to-noise ratio. In order to investigate the generalizability of the 
results, we compared the results for multiple sensory and motor tasks and illustrate the impact of 
selected sub-optimal parameters in the classification accuracy of a four-class BCI.  

 
 

2. Materials and Methods 
 

2.1 Subjects  
We included 12 epilepsy patients (mean age 27, range 15-49; see Table 1) who were implanted with 
subdural ECoG grids to localize the seizure focus. Two types of grids were used. Standard ECoG grids 
had an inter-electrode distance center-to-center of 1 cm and 2.3 mm exposed surface diameter, 
whereas high-density grids had either 32 or 64 channels, with 1.3 mm exposed surface diameter and 
an inter-electrode distance of 3 mm center-to-center (all AdTech, Racine, USA). For the following 
analysis, some electrodes were excluded because they showed flat or unstable signals, or high 
power-line noise levels. From the remaining electrodes, only those located over sensorimotor cortex 
(as determined by visual inspection, see Figure 1) were considered for further analysis. For this, the 
electrodes were localized using co-registration between a post-implantation Computerized 
Tomography (CT) scan (Philips Tomoscan SR7000, Best, the Netherlands) and a pre-operative T1-
weighted anatomical scan on a 3T Magnetic Resonance system (Philips 3T Achieva, Best, the 
Netherlands), corrected for brain shift  (Hermes et al., 2009; Branco et al., 2017b) and projected on 
a cortex surface rendering (Figure 1). The Medical Ethical Committee of the Utrecht University 
Medical Center approved the study and all patients signed informed consent according to the 
Declaration of Helsinki (2013).  

 
2.2 Task description 
Four different tasks were analyzed: two multi-class tasks (four hand gestures and four phonemes), and 
two single-class tasks (button press and tactile stimulation of finger and lip). The former were analyzed 
with a different performance metric than the latter (see section 2.6 for details). Each task was 
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performed by an independent group of subjects. Hereafter, the task description and the results 
sections will be divided in four sub-sections addressing these four different tasks. 
 
2.2.1 High-density ECoG and hand gestures  
Five subjects (S1-S5) who had a high-density grid covering the hand sensorimotor region were asked 
to execute four different hand gestures (Bleichner et al., 2014; Branco et al., 2017a) taken from the 
American Sign Language finger spelling alphabet (‘D’, ‘F’, ‘V’ and ‘Y’). The participants were asked to 
copy the gesture presented on the screen and hold it for 6 seconds. The trials were interleaved with a 
rest condition (6 seconds), where the subject was asked to place their hand in a relaxed open hand 
position. Each run consisted of 40 gesture trials (10 per gesture, randomized). Subject S5 performed 
two runs. 
 
 
 
 
 
Table 1 – Patient characteristics and ECoG grid information. 

Patient 
No. 

Age Gender Handedness 
Implanted 

hemisphere 
Grid type 

Number 
included 

electrodes 

S1 29 Male Right Left High-density 29 

S2 42 Male Right Left High-density 24 

S3 19 Female Right Left High-density 32 

S4 19 Male Right Left High-density 31 

S5 45 Female Left Right High-density 59 

S6 18 Male Right Left High-density 60 

S7 28 Male Left Right High-density 60 

S8 20 Male Right Right High-density 32 

S9 26 Male Right Left Standard 26 

S10 49 Male Right Left Standard 21 

S11 15 Female Right Left Standard 20 

S12 15 Female Right Left Standard 23 
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Figure 1 – ECoG grid localization. 
A-D) Brain surface renderings with projected electrode locations of all individual subjects based on their T1-
weighted anatomical MRI scans and post-implantation CT scan. Central Sulcus is indicated in white. Yellow and 
blue squares indicate hand and mouth regions of interest, respectively. For each subject, all electrodes presented in 
the figure were used for common averaged re-referencing. A) Five patients with a high-density grid (electrodes in 
black circles) over the sensorimotor hand region (yellow square). B) Three patients with a high-density grid over the 
sensorimotor mouth region (blue square). C) Three patients with a standard ECoG grid over the sensorimotor 
cortex. D) One patient with a standard ECoG grid over both mouth (blue square) and hand (yellow square) 
sensorimotor areas. C-D) Colored stars indicate the electrodes selected for further analysis (see section 2.2.3 and 
2.2.4), where each color represents a different sensorimotor region of interest.  

 
 

 
2.2.2 High-density ECoG and phonemes 
Three subjects (S6-S8) who had a high-density grid over the mouth sensorimotor region were asked 
to pronounce four different phonemes of the International Phonetic Alphabet (/p/, /k/, /u/ and /a:/) 
(Ramsey et al. 2017). Trials lasted for 1.5 seconds, during which a single phoneme was displayed on 
the screen, and were interleaved with inter-trial intervals (1.5 s). Subjects S6-S8 performed 200, 86 
and 250 trials of randomized phonemes, respectively.  
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2.2.3 Clinical ECoG and single finger movement 
Three subjects (S9-S11) who had a standard clinical grid over the sensorimotor cortex performed a 
button-press task, where they were asked to press a button with their right thumb (contralateral to the 
implanted hemisphere) to indicate whether the given answer to an equation was correct or incorrect  
(Vansteensel et al., 2014). For the current study, we only analyzed the moments of the button press, 
as well as the inter-trial intervals (rest trials), during which a fixation cross was presented on the screen 
and patients relaxed. There were 40 equation trials (button-press opportunities) and 40 rest trials in 
total, of which the subjects missed a maximum of two equations. For each subject, two electrodes 
(one over primary motor cortex, M1, and another over primary somatosensory cortex, S1) with the 
largest, and significant (t-test, p-value < 0.05) response to the task were selected for further analysis 
(Figure 1).  

 
2.2.4 Clinical ECoG and tactile stimulation 
Subject S12 had a standard clinical ECoG grid over the sensorimotor cortex and performed a tactile 
stimulation task of two different body parts: thumb and lips. Stimulations were delivered by a custom-
made device, which stimulated the skin with a brief pressure on the thumb or a short vibration to the 
lips, in a controlled manner. Each run consisted of 51 trials, each with a brief pressure/vibration within a 
1.5 s window, that were interleaved with a random inter-trial interval of 5-7 s. Even though the device 
did not allow for a precise measure of the stimulation duration, this was estimated to be 
approximately 1 second. The patient performed two runs, one for each body part. The subjects were 
asked to put on headphones and look at a screen during the task, to minimize the effect of attention. 
In total, four electrodes with the largest, and significant (t-test, p-value < 0.05) response to the task 
were selected for further analysis (Figure 1). Two of these four electrodes were located over mouth 
sensorimotor mouth region, one over M1 and another over S1. The other two electrodes were located 
over the sensorimotor hand region, one electrode over M1 and another over S1 (above the posterior 
flank of the central sulcus). 

 
2.3 ECoG acquisition and preprocessing 
ECoG signals were continuously recorded using a 128-channels clinical system (Micromed, Treviso, 
Italy; 22 bits, hardware band-pass filter 0.15-134 Hz) with 512 Hz sampling frequency. The data was 
analyzed offline and preprocessed using the open source FieldTrip® toolbox  (Oostenveld et al., 
2010) for MATLAB® (MathWorks Inc.) as follows: first, the continuous data were filtered using a 
notch filter (center at 50 and 100 Hz) and re-referenced using the common average reference (CAR) 
of all included channels (see Figure 1); second, the data were divided in epochs that were centered 
either to an electrophysiological marker (Branco et al., 2017a) (hand gestures and phonemes tasks), 
response marker (button-press task) or the pre- and post-stimulation marker. Note that for the hand 
gestures and phonemes tasks, the use of an electrophysiological marker provides a way of optimal 
trial alignment with reduction of temporal biases (inter-trial jitter) when using spatio-temporal 
classification as a performance metric (see section 2.6.1 and  Branco et al., 2017a). On the other 
hand, for the button-press and tactile stimulation paradigms, the performance metric used in the 
current study (see section 2.6.2) treats these tasks as a continuous signal and detects significant 
increases in amplitude by randomly shuffling the markers in time. Hence, the inter-trial jitter does 
not pose an issue. 
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increases in amplitude by randomly shuffling the markers in time. Hence, the inter-trial jitter does 
not pose an issue. 

 

2.4 Feature extraction 
High-frequency band power traces were extracted using the Morlet wavelet dictionary, with 
multiplication in the frequency domain (length equal to 3 standard deviations of the implicit Gaussian 
kernel and width 7 cycles), as implemented in FieldTrip® Toolbox  (Oostenveld et al., 2010). 
Notably, besides temporal sampling and temporal smoothing, another crucial parameter of this 
method is the full-width-half-maximum (FWHM) of the wavelet. This parameter has an inherent 
trade-off between spectral and temporal specificity, which is closely related to temporal smoothing. 
That is, a broader FWHM leads to less temporal resolution, thus a more smoothed signal. In this 
study we opted for a good temporal resolution (width 7 cycles), as we focus on HFB power signals 
that show similar response for a wide range of frequencies from 65 to 125 Hz, and subsequently 
optimize the smoothing of the computed power signal. Hence, for each trial, the mean power over 
the HFB frequency bins (65-125 Hz, steps of 1 Hz) was calculated per channel, for a given time 
window relative to the respective marker mentioned in section 2.3. Time windows were -1 to 2.6 s for 
gestures and -1.1 to 1.1 s for phonemes, which include both baseline and active periods. For the 
button-press task, the baseline window was -3 to -1 s with respect to equation trigger, while the 
response window was defined as -0.7 to 0.4 s with respect to response marker (button-press). Lastly, 
for the tactile stimulation task, the baseline window was defined as 0 to 4 s with respect to the end of 
stimulation, while the response window was defined as 0 to 1.2 s with respect to the onset of the 
stimulation. Note that, all tasks used within the current study were designed for different purposes, 
which explains the different specifications for each task. Hence, the baseline and active windows per 
task were selected à posteriori to include similar active and rest events across tasks.  

 
2.5 Two-parameter optimization map 
The computational implementation of the wavelet dictionary requires the specification of the 
temporal sampling (δ, in ms) and temporal smoothing window (SW, in s), where the temporal 
sampling, in ms, is the inverse of a sampling frequency in Hz. Power signals were computed for 
windows spaced every δ ms and subsequently smoothed using a moving average filter with window 
size SW (Figure 2). Here, a two-parameter optimization map (Figure 2) was obtained for each task, in 
which temporal sampling and smoothing window were applied sequentially (temporal smoothing 
after temporal sampling) and varied from 2 to 200 ms and from 0 to 3 s (see section 2.8), 
respectively. For each variable combination, a performance metric (PM) was calculated in order to 
evaluate the optimal parameter settings, as described below. In this study we define optimal 
parameter settings as those that result in an acceptable range of either of two types of performance 
metrics (see section 2.6, 2.7 and 2.8). 

 
2.6 Performance metric 
Two performance metrics, typically used in the BCI field, were used to evaluate the best parameter 
settings. One the one hand, we used a template matching classification method to distinguish 
between 4 classes (section 2.6.1). This method is frequently used in studies with high-density grids 
and allows to discriminate between, for example, multiple hand or mouth movements. On the other 
hand, when only clinical ECoG grids are available, a typical BCI study uses a single channel for control. 
The selection of that channel is normally made using a single-class paradigm by determining the 
channel with the largest difference between active and non-active states over the cortical region of 
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interest (section 2.6.2). In order to compare the optimal parameters between M1 and S1 regions 
during both motor and sensory tasks, we analyzed and compared two separate channels with the 
largest response to the task, one over M1 and one over S1. 
 

 

 
 
Figure 2 – Two-parameter optimization map. 
Wavelet parameter analysis using a two-dimensional map where temporal sampling (𝛿𝛿) and smoothing window 
(SW) size varied from 2 (low sampling frequency) to 200 (high sampling frequency) ms and from 0 (i.e., no 
smoothing, blue line in right-upper plot) to 3 s, respectively. First, the power signal was computed every 𝛿𝛿 ms 
from the raw signal amplitude (bottom-left plot). As an example, we show three red wavelet-time-windows 
spaced 𝛿𝛿 ms apart. In this plot, the x-axis indicates time in ms. Second, the power signal was smoothed using a 
moving average window of size SW (in s; top-right plot). As an example, the unsmoothed power signal is shown in 
blue, and the smoothed version is shown in red. The gray region indicates the smoothing window (SW). The x-axis 
displays time, t in s. The bottom-right plot shows a schematic example of the optimization map, where each entry 
(i.e., each combination of 𝛿𝛿 and SW) is colored according to the performance metric values (color-bar bottom 
right plot).  
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2.6.1 Multi-class paradigm  
A standard way of studying and classifying multi-class paradigms is to distinguish between brain 
activity patterns produced by each class, under the assumption that these patterns are consistent 
across trials. Usually, spatio-temporal features represented in the data are used to discriminate which 
brain signal was produced and detect which class each trial belongs to. Here, we investigated the 
influence of temporal sampling and smoothing windows on the accuracy of such classification based 
on the HFB response. For that, an offline classification scheme was used, with a template matching 
method that compared a model (matched template) with each individual trial by means of a Pearson 
Correlation. This method capitalizes on the spatio-temporal signatures of the HFB response  
(Bouchard et al., 2013; Branco et al., 2017a). The matched template comprised the average of the 
feature space over trials, yielding a two-dimensional feature space of channels x time. Using a winner-
takes-all leave-one-out cross-validation scheme, each single gesture or phoneme trial was compared 
with the matched template of each class (average over remaining trials per class) and labeled 
according to the highest correlation score. The final classification accuracy was computed as the 
percentage of correctly labeled trials.   

 
2.6.2 Single-class paradigm  
Single-class paradigms are usually studied by comparing the active trials with rest trials to extract 
information about the performed task. One way to evaluate the quality of the active features in 
contrast to rest is to describe them as a normalized function of the rest condition. Here, for each task 
and subject, a single channel with the largest, a significant (t-test, p-value < 0.05) response to the 
task (see Figure 1C-D) was selected and the signal was baseline-corrected by subtracting the real 
amplitude trace by the mean and dividing by the standard deviation of the signal during rest periods. 
Then, the mean trace over trials was computed along with a surrogate ensemble of mean traces 
calculated by randomly shifting stimuli onsets in time 10000 times  (Canolty et al., 2007). The 
distribution of all sample points in the surrogate traces was used to z-score the stimulus- or event-
related response. For each task, the duration of the active and baseline conditions were set according 
to the task description (see section 2.4). Subsequently, the surrogate traces were used to determine 
the uncorrected two-tailed probability that the deviation seen in the real amplitude trace was due to 
chance. Thus, the higher the output z-scored traces, the more different were the active and the rest 
states. For each smoothing and sampling frequency parameter combination, the maximum z-scored 
value of the mean over trials was computed and used as a performance metric for determination of 
optimal parameter settings. 

 
2.7  Determination of optimal smoothing window  
The optimal smoothing window (SW) was evaluated by setting the temporal sampling equal to the 
finest value (𝛿𝛿 = 2 ms, for a sampling frequency of 512 Hz) and computing the performance metric 
(PM), that is accuracy or maximum z-score. The PM was computed for a smoothing window size 
ranging from 0.1 to 3 s in steps of 0.1 s for the multi-class paradigms, and from 0 to 1 s in steps of 0.01 
s for the single-class paradigms. For single-class paradigms a smaller range was selected since we 
expected a shorter response in time compared with multi-class paradigms. Optimal SW criterion was 
defined by setting a maximum relative standard deviation (rstd	 = 	std(PM)/mean(PM)) of the PM 
values, such that the PM values would be within an acceptable range (std) of the maximum PM. Here 
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we considered as acceptable a relative standard deviation of 5%: 
  

PM ≥ max(PM)− 0.05 ⋅ mean(PM)																																																				(1) 
 

2.8 Determination of optimal temporal sampling  
Temporal sampling optimization was not as straightforward as smoothing window optimization, 
because one should account for the chance that a different sampling starting point may result in a 
different selection of the most informative time points. For example, sampling the signal by starting 
in sample number 1 and then extract every 10th sample yields a different signal than starting at the 3rd 
sample. This would be a temporal sampling confound, leading to a high variance (high instability) in 
PM for the same temporal sampling, depending on the starting sampling point. To detect the 
minimum temporal sampling that showed the least variability in PM, we computed the PM for all 
possible starting samples with each temporal sampling value (Table 1) and computed its standard 
deviation. This way the temporal sampling optimization takes into account the stability (low 
variance) of the signals after downsampling.  

When optimizing the temporal sampling, the SW was kept constant at the optimal value per 
subject. For this step only, and to provide a more precise estimation of the optimal SW, a polynomial 
surface function was used to fit the two-parameter optimization map (Figure 2), using a 4th or 5th 
order polynomial for SW and 3rd order polynomial for 𝛿𝛿. This interpolation step was only used to 
compute the optimal SW. The optimal temporal smoothing window defined as such is indicated in 
Table 1 per subject.  

In contrast to the optimal smoothing window criterion, the optimal temporal sampling (𝛿𝛿) 
criterion was defined in terms of standard deviations per 𝛿𝛿, because what was being controlled was 
the inaccuracy of the PM when simply changing the starting sample. Hence, here, to capture the 
accuracy of the result per 𝛿𝛿, the acceptable standard deviation of the PM was set to a maximum of 
2% of the maximum PM (max(PM)) across all tasks and subjects (100% in case of multi-class 
paradigms and 15 z-score units in the case of single-class paradigms). That is, 0.02 x 100% = 2% for 
multi-class paradigms and 0.02 x 15 = 0.3 z-score units for single-class paradigms:  

 
std(PM) ≤ 0.02 ⋅ max(PM)																																																												(2) 

 
 
3. Results 
 
3.1 Parameters for decoding multiple classes with high-density ECoG grids 
Decoding four hand gestures from high-density ECoG grids placed over sensorimotor cortex was 
optimal with 𝛿𝛿 < 25 ms (> 40 Hz) and SW ranging from 0.4 to 2.7 s (Figure 3A). Although the 
minimum 𝛿𝛿 across subjects was consistent (Figure 3E), the optimal SW varied strongly (Figure 3C 
and Figure 4A-B). This result indicates that SW is subject-specific, as can be seen in Figure 4A-B. 
Notably, for three out of five subjects (S1-S3) there seemed to be two peaks along the SW values, 
one around 0.5 s and another around 2.5 s, suggesting that the first, shortest peak, visible in all 
subjects, could be enough to use for decoding. 
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Phonemes had on average lower classification scores than gestures, but the model showed a 
consistent optimal SW between 0.2 and 0.9 s, and a minimum 𝛿𝛿 value of 30 ms (> 33 Hz; Figure 3B). 
In contrast to the hand gestures, the phonemes showed consistent optimal values across the three 
subjects (Figure 3D,F and Figure 4C-D), thus indicating signal reproducibility across subjects. 

 
 
 
Table 1. Temporal sampling range tested and optimal smoothing windows per subject. 
 

Multi-class paradigm Optimal smoothing window size (in s) 
Temporal sampling, 𝜹𝜹, values tested 

(in ms) 

S1 1.6 

2, 4, 5, 10, 20, 30, 40, 50, 60, 70, 80, 90 
and 100 

S2 2.53 

S3 1.64 

S4 0.84 

S5 3 

S6 0.42 

S7 0.59 

S8 0 

Single-class paradigm M1 S1  

S9 0.19 0.02 

2, 4, 8, 10, 20, 30, 40, 50, 60, 70, 80, 90, 
100, 120, 140, 160, 180 and 200 

S10 0.04 0 

S11 0.2 0.17 

S12 Thumb 0.16 0.15 

Lips 0.35 0.28 
 

 
 
 
3.2 Parameters for single class activation detection with clinical ECoG grids 
Single-class paradigm tasks showed a very well defined optimal region on the optimization maps 
(Figure 5A-B, Figure 6A-B and Figure 7A-B). When comparing the motor task and the tactile 
stimulation task one can appreciate that optimal SW were similar between the tasks (Figure 5C-D, 
Figure 6C-D and Figure 7C-D). The optimal SW values for the motor task was between 0 and 0.3 s, 
and for the tactile stimulation optimal SW was between 0.2 and 0.5 s for finger and 0.1 and 0.2 s for 
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lips stimulation. The optimal 𝛿𝛿 was smaller for motor activation when compared to sensory 
stimulation (Figure 5E-F, Figure 6E-F and Figure 7E-F). Hence, to optimally capture the information 
carried by the ECoG HFB power in the single-class paradigms, channels should be at least sampled at 
least every 20 ms (> 50 Hz) for motor activation and every 35 ms (> 29 Hz) for sensory tactile 
stimulation, although for thumb stimulation temporal sampling could be even lower (𝛿𝛿 < 70 ms, that 
is > 14 Hz, Figure 7E-F).  
 
3.3 Wavelet parameter optimization 
An overview of the results can be seen in Table 2. Optimal parameters were evaluated according to 
criteria (1) (section 2.7) and (2) (section 2.8) specified above, such that the optimal SW and 𝛿𝛿 
parameters yielded high PM values. These optimal parameter settings were drawn from the results 
shown in section 3.1 and 3.2. The analysis of the results per paradigm allowed for a grouping of the 
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4. Discussion 
The high-frequency band (HFB) power components of brain signals are increasingly used for the 
study of brain function and the development of BCIs. Invasive and non-invasive closed-loop systems 
based on neural-electrical activity rely on the necessity of decreasing the amount of processed 
information for faster feedback, and minimal signal noise for accurate decoding. For that, signal 
downsampling and subsequently smoothing to reduce noise is typically performed. Importantly, and 
as also illustrated here, these procedures may significantly affect the shape of the resulting HFB 
response and sub-optimal sampling and smoothing may affect the interpretation in terms of the 
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lips stimulation. The optimal 𝛿𝛿 was smaller for motor activation when compared to sensory 
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commonly used in the clinical and scientific community to investigate sensorimotor control. Our 
results confirm that these parameters affect the outcome of the analyses considerably. We also find 
that it is feasible to find the optimal parameters for an individual subject and an individual task, and 
present a method for doing so. Moreover, the comparable range of the optimal parameters between 
subjects and tasks suggests that the shape of the HFB response, and possibly the shape of the 
underlying neural response, is similar between people and the paradigms used here. Although 
especially relevant for improving closed-loop performance in typical BCI settings, the method can 
also be used in the study of EEG and ECoG neuronal signals in situations where downsampling and 
smoothing of the signal is relevant. 

 
 
 

 
Figure 3 – Two-parameter optimization for multi-class paradigms. 
A-B) Averaged two-parameter optimization map across subjects for the gestures (5 subjects) and phonemes (3 
subjects) tasks, respectively. Investigated smoothing window (SW) varied between 0.1 and 3 s, whereas temporal 
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sampling varied between 2 and 100 ms. The color-scale indicates the decoding accuracy as performance metric 
(PM), ranging from 0 to 1. Optimal parameter regions are indicated with a black box. C-D) Smoothing window 
optimization for the gestures and phonemes task, respectively. The blue line indicates the decoding accuracy of the 
mean across subjects (A-B) for each smoothing value. To optimize the smoothing window, temporal sampling was 
kept at its lowest possible value (2 ms). The PM values above criterion (1) (section 2.7), indicated by the black 
horizontal line, are shaded in gray and were used to delineate the optimal parameter region in A-B. E-F) Temporal 
sampling optimization. The blue line indicates the mean standard deviation (std) of decoding accuracy across 
subjects. The values below criterion (2) (section 2.8), indicated by the horizontal black line, are shaded in gray and 
were used to delineate the optimal parameter region in A-B.  
 
 
 
 
 
 

 
 
Figure 4 – Inter-subject variability. 
Two-parameter optimization map for the gestures (A-B) and phonemes (C-D) in individual subjects. The smoothing 
window (SW) varied between 0.1 and 3 s, and temporal sampling varied between 2 and 100 ms. Color-scale 
indicates the decoding accuracy as performance metric (PM), ranging from 0 to 1. Black boxes indicate the optimal 
SW and 𝜹𝜹, based on criteria (1) (section 2.7) and (2) (section 2.8) for the average across subjects (A and C). For S5, 
the displayed two-parameter optimization map represents the mean across two runs. 
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Figure 5 – Two-parameter optimization for motor single-class paradigms 
A-B) Averaged two-parameter optimization map across subjects (3 subjects) for M1 and S1 channels during the 
button-press motor tasks. Color-scale indicates the average maximum z-score value across trials as performance 
metric (PM), ranging from 0 to 15. The optimal parameter region is indicated with a black box. C-D) Smoothing 
window optimization for M1 and S1 channels, respectively. The maximum z-score values (mean across subjects) 
above criterion (1) (section 2.7), indicated by the black horizontal line, were shaded in gray and used to delineate 
the optimal parameter region in A-B. E-F) Temporal sampling optimization. The values of standard deviation (std) 
of maximum z-score (mean across subjects) below criterion (2) (section 2.8), indicated by the horizontal black line, 
are shaded in gray and were used to estimate the optimal parameter region in A-B.  
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Figure 6 – Two-parameter optimization for the lips sensory single-class paradigms  
A-B) Two-parameter optimization map for M1 and S1 channels (for subject S12) during the sensory tactile 
stimulation of the lips. Color-scale indicates the average maximum z-score value across trials as performance metric 
(PM), ranging from 0 to 15. Optimal parameter region is indicated with a black box. C-D) Smoothing window 
optimization for M1 and S1 channels, respectively, for the lips. The values above criteria (1) (section 2.7), indicated 
by the black horizontal line, are shaded in gray and used to delineate the optimal parameter region in A-B. To 
optimize smoothing window, temporal sampling was kept at its lowest possible value (2 ms). E-F) Temporal 
sampling optimization. The values below the criterion (2) (section 2.8), indicated by the horizontal black line, were 
shaded in gray and used to estimate the optimal parameter region in A-B.  
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(PM), ranging from 0 to 15. Optimal parameter region is indicated with a black box. C-D) Smoothing window 
optimization for M1 and S1 channels, respectively, for the lips. The values above criteria (1) (section 2.7), indicated 
by the black horizontal line, are shaded in gray and used to delineate the optimal parameter region in A-B. To 
optimize smoothing window, temporal sampling was kept at its lowest possible value (2 ms). E-F) Temporal 
sampling optimization. The values below the criterion (2) (section 2.8), indicated by the horizontal black line, were 
shaded in gray and used to estimate the optimal parameter region in A-B.  

 

 
 
Figure 7 – Two-parameter optimization for the thumb sensory single-class paradigms 
A-B) Two-parameter optimization map for M1 and S1 channels (for subject S12) during the sensory tactile 
stimulation of the thumb. Color-scale indicates the average maximum z-score value across trials as performance 
metric (PM), ranging from 0 to 15. Optimal parameter region is indicated with a black box. C-D) Smoothing window 
optimization for M1 and S1 channels, respectively, for the thumb. The values above criterion (1) (section 2.7), 
indicated by the black horizontal line, are shaded in gray and used to delineate the optimal parameter region in A-B. 
To optimize smoothing window, temporal sampling was kept at its lowest possible value (2 ms). E-F) Temporal 
sampling optimization. The values below the criterion (2) (section 2.8), indicated by the horizontal black line, were 
shaded in gray and used to estimate the optimal parameter region in A-B.  
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Table 2 – Summary of optimal SW and 𝜹𝜹 range for different single- and multi-class paradigms. 

 
Multi-class Paradigm Single-class Paradigm 

Gestures Phonemes Motor execution Sensory stimulation 

𝜹𝜹 
< 25 ms  

(> 40 Hz) 

< 30 ms 

(> 33 Hz) 

< 20 ms  

(> 50 Hz) 

< 35 ms  

(> 29 Hz) 

SW 
[0.4 0.6] s and [0.9 

2.7] s 
[0.2 0.9] s [0 0.3] s [0.1 0.5] s 

 
 
 

 

 

 
Figure 8 – Comparison between optimal and sub-optimal parameter selection.  
A-E) HFB power trace of one trial during the performance of a specific hand gesture (subject S4, gesture 1, trial 1, 
channel 6. Y-axis indicates normalized power amplitude in arbitrary units (a.u.), for a 12 s time window (-6 to 6 s, 
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A-E) HFB power trace of one trial during the performance of a specific hand gesture (subject S4, gesture 1, trial 1, 
channel 6. Y-axis indicates normalized power amplitude in arbitrary units (a.u.), for a 12 s time window (-6 to 6 s, 

 

with t = 0 s being activity onset). Parameter settings used are indicated in the gray box. A) HFB power trace 
computed with a temporal sampling of 𝛿𝛿 = 2 ms, which corresponds to the original sampling frequency of 512 Hz, 
and no smoothing (SW = 0s). B) Optimal 𝛿𝛿 and SW parameters (𝛿𝛿 = 15 ms, SW = 0.84 s) allow for high decodability 
of trials from this gesture to be distinguished from the trials from the three other gestures. C-E) Examples of sub-
optimal parameters of either 𝛿𝛿 and SW or both, where sub-optimal 𝛿𝛿 shows aliasing. B-E) Parameters used are 
also indicated on the two-parameter optimization map (right panel) by a small black square. Dashed black lines 
indicate the lower boundary of the optimal parameters. Color-scale indicates decoding accuracy for this subject 
ranging from 0 to 1. 

 
 
 
4.1 Optimal parameters for HFB power extraction 
The presented method showed to be a systematic way to characterize the temporal HFB responses. 
In general, HFB power temporal responses should be sampled higher than 29 Hz and smoothed up to 
approximately 0.9 s (Table 2). From the optimal values obtained for the different tasks, three clear 
observations emerge. First, we showed that single motor execution (a button press) requires the 
highest temporal sampling (sampled faster than once every 20 ms, i.e. at a frequency higher than 50 
Hz) and the least amount of smoothing (window size from 0 to 0.3 s), indicating that the neuronal 
event associated with controlled impulse-like motor acts is precise and short in time.  

Second, all tasks performed by more than one subject revealed a consistent temporal sampling 
and temporal smoothing across subjects with the exception of complex hand gestures. The latter 
showed two optimal temporal smoothing windows across subjects, being 0.4-0.6 s and 0.9-2.7 s, of 
which the first is consistent with the optimal window obtained in the other tasks. The existence of a 
second, longer, optimal smoothing window may be associated with the more complex motor strategy 
required to perform the gestures. For such a task, optimal power extraction parameters could be 
considered on a subject-specific basis. Nevertheless, a short range optimal smoothing window (0.4-0.6 
s) was also found to yield good performance across subjects, suggesting that the neuronal population 
underlying gesture production activates also within the short temporal range indicated for the 
remaining sensorimotor tasks. Notably, the production of phonemes and button-presses are faster, 
shorter and less complicated than gesture execution, and therefore are likely to be more reproducible 
across individuals.  

Lastly, we stress that the results presented here serve as an indication of the SW and 𝛿𝛿 values 
that are optimal for the frequency range (HFB) and tasks here presented. For each of the paradigms, 
and likewise for each task, a narrow optimal range of values was found, with mostly a high degree of 
correspondence between subjects. However, the remaining unexplained variance between tasks and 
subjects suggests that performance may be optimized on a task- and subject-specific level.    

 
4.2 Limitations 
This study was performed using executed movements and tactile stimulation of patients scheduled 
for epilepsy foci removal. Although channels over later resected tissue were not included in this 
analysis, the effects of inter-ictal activity cannot be completely ruled out. A second limitation is that 
the tasks for which the parameters were optimized were limited to the sensorimotor cortex, and 
optimization involved a limited number of electrodes. Hence, the optimal parameters for other brain 
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regions remain to be determined. Furthermore, the multi-class paradigms were recorded using high-
density ECoG grids of 32 or 64 electrodes, which are beneficial for spatiotemporal decoding, while the 
single-class paradigms were analyzed using data from a single standard ECoG electrode. Indeed, as 
recently studied, there can be a difference in correlation, coherence and phase of local field-
potentials between these two types of grids sizes  (Kellis et al., 2015; Wang et al., 2016), suggesting 
that the optimal parameters could be further assessed and compared between grid sizes. 

 
 
5. Conclusion 
In this study we show that the temporal profiles of high-frequency power ECoG signals extracted from 
the raw neuronal signal depend on the setting of two parameters during the power extraction step. We 
demonstrate that suboptimal sampling and excessive smoothing of the signals compromises 
interpretation and usability of the resulting HFB power traces for high accuracy discrimination of task 
conditions, as used in BCI applications. We present the optimal parameters for four distinct 
sensorimotor tasks and conclude that the analysis of such signals improves with high temporal 
sampling and some degree of smoothing.  
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Abstract 
 
For severely paralyzed people, Brain-Computer Interfaces (BCIs) can potentially replace lost motor 
output and provide a brain-based control signal for augmentative and alternative communication 
devices or neuroprosthetics. Many BCIs focus on neuronal signals acquired from the hand area of the 
sensorimotor cortex, employing changes in the patterns of neuronal firing or spectral power 
associated with one or more types of hand movement. Hand and finger movement can be described 
by two groups of movement features, namely kinematics (spatial and motion aspects) and kinetics 
(muscles and forces). Despite extensive primate and human research, it is not fully understood how 
these features are represented in the SMC and how they lead to the appropriate movement. Yet, the 
available information may provide insight into which features are most suitable for BCI control. To 
that purpose, the current paper provides an in-depth review on the movement features encoded in 
the SMC. Even though there is no consensus on how exactly the SMC generates movement, we 
conclude that some parameters are well represented in the SMC and can be accurately used for BCI 
control with discrete as well as continuous feedback. However, the vast evidence also suggests that 
movement should be interpreted as a combination of multiple parameters rather than isolated ones, 
pleading for further exploration of sensorimotor control models for accurate BCI control. 
 
 
Keywords: Brain-Computer Interface, Sensorimotor Cortex, Kinematics, Kinetics, fMRI, 
Electrophysiology  
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1. Introduction 
Damage to the sensorimotor system caused by either trauma, stroke or neuromuscular disorder may 
result in severe paralysis or loss of motor function (Armour et al., 2016; World Health Organization, 
2011). In the worst case, people can lose control over all their voluntary movements and may become 
locked-in (Posner et al., 2007; Smith and Delargy, 2005). In that situation, the means of 
communication are exceptionally limited. In the last decades, Brain-Computer Interfaces (BCIs) have 
been presented as a muscle-independent tool to restore communication of locked-in individuals, 
which could, eventually, improve their quality of life (Anderson, 2004; Rousseau et al., 2015). BCIs 
replace the lost motor control by bypassing the muscles and directly linking the brain to a computer 
(Daly and Wolpaw, 2008). In general terms, BCIs record neuro-electrical or hemodynamic signals 
from the brain, extract features from the recorded signal, translate the features into a control signal 
for the actuator, and provide feedback to the user, ideally without significant delay (Wolpaw, 2007). 
For a BCI to be of practical value to the user, the brain signal features must be detected and extracted 
in a highly reliable manner. An attractive brain region for BCI feature extraction is the sensorimotor 
cortex (SMC, Brodmann area 1-4) (e.g., Pfurtscheller and Lopes da Silva, 1999; Vansteensel et al., 
2016; Yuan and He, 2014). The sensorimotor cortex consists of two areas: the primary motor cortex 
(M1), classically related to movement preparation and execution, and the primary somatosensory 
cortex (S1), related to afferent processing of sensory information. An interesting feature of the SMC 
is its somatotopical organization (Penfield and Boldrey, 1937), which entails an orderly and detailed 
arrangement of body parts. Of special interest is the relatively large portion of the SMC, called the 
‘hand knob’, that is uniquely devoted to the control of hand (and finger) movements (Yousry et al., 
1997). Due to its large representation in the SMC and the straightforward measurement and 
interpretation of hand movement-related signal changes from this area, the ‘hand knob’ is the most 
commonly used cortical area for BCI control, and, therefore, the one we focus on this literature 
review.  

Importantly, the remarkable spatially organized representation of (hand and finger) movements 
in the SMC does not provide information about which mechanical or physical parameters of the 
voluntary movement are actually encoded in this brain area. Human hand movement can be 
described through kinematic parameters and kinetic parameters (Jones and Lederman, 2006; Riehle 
and Vaadia, 2005). Kinematic parameters, also called ‘high-level control’ refer to the spatial and 
motion aspects of hand and finger movement. The basic kinematic variables include the position, 
velocity, acceleration and direction of the movement, and their combination into a complete 
trajectory. Conversely, kinetic parameters, also called ‘low-level control’, refer to the control of 
individual muscles and forces. In the last decades, many studies have investigated the representation 
of separate and/or combined kinematic and kinetic features of the hand movement in the SMC. In 
this review, we aim to define which features may be most suitable for use in BCI settings. For that, we 
take a BCI perspective to summarize and highlight the most striking and consistent findings in the 
field of hand and finger movement encoding. We focus on both non-human primate and human 
studies that used different methods to record neuro-electrical and hemodynamic brain signals, 
including intracortical needle recordings, intracranial electrocorticography (ECoG) and functional 
magnetic resonance imaging (fMRI). 
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2. Literature selection and characteristics 
We selected literature from Pubmed and Google Scholar using combinations of the search terms 
listed in Table 1. From 558 screened titles and abstracts, only English-written articles that focused on 
decoding executed hand and/or finger movements from brain signals recorded by intracortical 
needle electrodes, ECoG or fMRI from the sensorimotor cortex were included, resulting in 88 
included papers, of which one addressed more than one parameter and two combined more than 
one technique (Table 1). Of note, stimulation studies were not included in this review, with the 
exception of Penfield and Boldrey (1937). 

 
 
 

Table 1 – Search terms used in this study and overview of the number of papers included. From the 88 
included papers, one study combined two types parameters (kinetic and kinematic), and two studies 
combined two techniques (ECoG and fMRI), adding up to a total of 91. 

Concept Search terms 

Primate or human Primates, non-human primates, human 

Sensorimotor cortex 
Sensorimotor cortex, Brodmann Area (BA) 1-4, primary motor 
cortex, M1, primary somatosensory cortex, S1, sensory cortex 

Hand or finger Movement Hand movement, finger movement 

Functional magnetic resonance 
imaging 

fMRI, MRI 

Electrophysiology 
Local filed potentials, spikes, arrays, electrocorticography, ECoG, 
recordings 

Encoding Encoding, decoding, decoded, mapped, mapping 

Kinetic or kinematic parameter 
Individual finger, posture, hand gesture, velocity, direction, position, 
acceleration, movement trajectories, force, muscle activity, 
electromyography, EMG, movement speed, movement frequency 

 

Number of papers included 

Parameters 
Primate 

electrophysiology 
Human ECoG Human fMRI Total 

SMC mapping 5 4 8 17 

Kinetic 19 3 12 34 

Kinematic 17 19 4 40 

Total 41 26 24  
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3. Sensorimotor mapping of the hand and fingers 
The first evidence for hand and finger representation in the SMC was presented in 1937 by Penfield 
and Boldrey, who showed that electro-cortical stimulation of specific areas of the SMC elicits 
hand/finger movements (Penfield and Boldrey, 1937). This representation, also known as 
somatotopy, has been intensively investigated in the last decades in both non-human primates and 
humans. In 1993, Schieber and Hibbard were the first to suggest that individual neurons do not 
encode the movement of a single finger, but are, instead, involved in the movement of multiple 
fingers. Indeed, later primate studies showed that the movement of a finger results from the activity 
of a neuronal population distributed throughout the hand area in M1, and that a single neuron may 
contribute to the movement of multiple fingers (Georgopoulos et al., 1999; Hamed et al., 2007; 
Poliakov and Schieber, 1999). Later, fMRI studies in humans confirmed the broad spatial 
distribution of the representations of individual fingers in M1 and showed, additionally, that these 
were highly overlapping (Figure 1A) (Dechent and Frahm, 2003; Diedrichsen et al., 2013; Indovina 
and Sanes, 2001; Olman et al., 2012; Shen et al., 2014; Wiestler et al., 2011). Nevertheless, some 
studies have demonstrated that individual fingers can still be decoded with high accuracy (Hamed et 
al., 2007; Hotson et al., 2016; Kubanek et al., 2009) and show a consistent ventral to dorsal 
activation map from thumb to little finger, respectively (Miller et al., 2009b; Siero et al., 2014). In 
order to further investigate the representation of individual fingers, Schellekens et al. (2017) 
recently proposed a new approach to interpret the dispersed finger-related fMRI activation in the 
SMC, which is much in line with the early evidence of Gaussian population receptive fields (pRF) in 
the visual cortex (Dumoulin and Wandell, 2008). They showed that if we consider a model of 
population receptive fields for fMRI voxels in the SMC, a detailed ventral to dorsal somatotopic 
organization of individual finger representations emerges, where each voxel is mostly associated 
with a single, preferred, finger and to some degree with the adjacent fingers (Figure 1B). By 
assuming that a neuronal population integrates movements of distinct but related fingers, this 
method promises to offer new perspectives for the interpretation of cortical motor cortical 
representation, motor control and sensorimotor integration. 

 
 

4. Kinetic parameters of hand and finger movement 
Kinetic movement parameters describe the relationship between movement and its causes, more 
specifically the forces, torques and muscle activities. Importantly, these parameters are intrinsically 
interconnected, since muscles produce the force applied by the body. Force is a vector with both a 
magnitude and a directional component (Figure 2). Whereas the magnitude part can conceptually be 
related to the activity of a single muscle, the directional part can be associated to the kinematic 
parameter ‘direction' described later in section 5.1. To date, force and muscle activity have been 
studied under static isometric, dynamic isometric and movement conditions. The static isometric 
condition refers to paradigms where the applied force is constant and coupled with no movement, 
while the dynamic isometric condition refers to studies where the applied force magnitude is 
continuously changing, but no movement is made. The movement (or dynamic) condition is a 
combination of continuously changing force magnitude coupled with actual somatic movement. The 
latter involves a more complex interpretation, as during movement multiple forces and interactions 
are present (Hollerbach and Flash, 1982). 
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Figure 1 – Individual finger mapping in the sensorimotor cortex. 
A) Direct mapping of individual finger movements in the left-hemispheric M1 hand area on magnified views of the 
inflated cortex for one subject shows considerable overlap between the representation of individual fingers. D1-5, 
thumb to pinky, respectively (adapted with permission from Dechent and Frahm, 2003). B) Gaussian population 
receptive fields (pRF) associated with finger flexion, projected on flattened surfaces of 2 subjects (S1 and S2). The 
light grey lines define the borders of the sensorimotor cortex and the triangle is aligned with the base of the 
central sulcus (CS). The top row shows the estimated Gaussian centers (pRF center), which represent the finger 
digit somatotopy, with red to blue representing thumb to little finger. The bottom row depicts the color-coded 
Gaussian spread, with red to blue representing small to large receptive fields. PreCG – Pre-central gyrus; PostCG – 
post-central gyrus (adapted with permission from Schellekens et al., 2017). 
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Figure 2 - Vector magnitude and direction. 
A vector (�⃗�𝑣) is a mathematical quantity represented by an arrow that has both magnitude (or amplitude) and 
direction. The magnitude (|�⃗�𝑣|) represents the length of the vector, from the initial point to the tip of the arrow, 
whereas the direction represents the angle of the vector with the horizontal (𝜃𝜃). Examples of movement 
parameters that can be described by vectors are force, velocity and acceleration. 
 
 
 
4.1 Force and muscle activity 
The first attempt to investigate the relation between movement parameters and neuronal responses 
started by considering the relation between the neuronal activity and force patterns (Evarts, 1968). 
In this pioneer study, using very controlled and simplistic static isometric settings, the author 
concluded that wrist force and the derivative of the force (jerk), rather than the position or 
displacement of the wrist, were related to the discharge of neurons in primates. Although a 
remarkable finding, this result did not seem to provide the whole story about the SMC, as, later on, 
evidence for the representation of direction and position in the SMC was also found. Nevertheless, 
some findings regarding static force encoding showed to be consistent and reproducible. Namely, it 
was shown later that different neuronal populations have different linear monotonic relations to 
force, either throughout the whole force range, or only for forces in the middle of the range (Evarts, 
1968; Thach, 1978). In the latter case, the monotonic relation between neuronal activity and static 
force did not hold for forces at the extremes of the range, yielding a typical S-shaped function 
(Cheney and Fetz, 1980). Other interesting findings were that (1) more neurons seemed to respond 
with larger amplitude, and with greater regression slope, to extensor muscles (or forces) when 
compared with flexor muscles (or forces) (Cheney and Fetz, 1980); (2) the magnitude of force 
seemed to be accompanied by an increase in firing rate rather than an increase in the number of 
recruited cells (Cheney and Fetz, 1980; Evarts et al., 1983); and (3) encoding of the force seemed to 
depend on the task characteristics, such as task sequence, visual stimuli and force ranges (Hepp-
Reymond et al., 1999). 
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Other groups explored the relation between static isometric and dynamic isometric force 
conditions in primates (Smith et al., 1975; Wannier et al., 1984), and showed that while some cells 
were related to both force and rate of force change (jerk), other cells correlated with either force or 
rate of force change (Smith et al., 1975). Also, they demonstrated that most recorded neurons 
display various (different) discharge patterns during dynamic and static force conditions, from phasic 
(onset-related) increases and decreases, to tonic (proportional to force) increases and decreases, and 
combinations of both (Wannier et al., 1984). In humans, multiple studies showed that the fMRI 
signal (number of activated pixels and/or average signal intensity) in contralateral M1 increases as a 
function of increasing levels of isometric static grip force (Cramer et al., 2002; Dai et al., 2001; 
Keisker et al., 2009; Peck et al., 2001; Thickbroom et al., 1998; Van Duinen et al., 2008). When 
comparing static with dynamic (movement) grip forces, however, some studies showed that static 
force induces a significantly smaller BOLD signal than dynamic force in contralateral M1, both during 
isometric (Keisker et al., 2010; Kuhtz-Buschbeck et al., 2008) and movement conditions (Ehrsson 
et al., 2000; Thickbroom et al., 1999). These studies suggest that the processing of repetitive 
transient force changes requires more metabolic activity in M1 than static forces, possibly due to the 
movement onsets originated during the dynamic (movement) conditions. Using ECoG signals and 
sophisticated regression algorithms, three groups have attempted to predict the time-varying force 
profiles and showed an accurate prediction of grasping force magnitude, mostly using low-passed 
ECoG signals and high-frequency band power signals from M1 (Chen et al., 2014; Flint et al., 2014; 
Pistohl et al., 2012). Altogether, force seems to be represented in the SMC of both non-human 
primates and humans, although human fMRI studies showed a more obvious representation during 
dynamic force conditions. 

Peck and colleagues (2001) argued that the increase in activations observed with higher force 
levels can be attributed to the recruitment of additional muscle groups to stabilize the arm. Indeed, 
they showed that after correction for muscle activity, the fMRI signal only weakly increased with 
increasing force levels, suggesting that force and muscle are not independently encoded in SMC. 
Expanding on this point, many groups showed that it is possible to predict electromyography (EMG) 
activity from neuronal discharges (Koike et al., 2006; Morrow and Miller, 2002), from summed M1 
activity (Schieber and Rivlis, 2006), from averaged neuronal population activity using ECoG (Flint et 
al., 2014; Nakanishi et al., 2017; Shin et al., 2012) and from fMRI BOLD signals (Ganesh et al., 
2008).  
 

4.2 Directional component of force and muscle activity 
In 1985, Kalaska and colleagues reported, for the first time, on disentangling the directional 
component of the static isometric force from its magnitude, using a single paradigm, and compare 
the effect of these on the neuronal and electromyographic (EMG) activity. Their results, later 
confirmed by other studies, showed that most of the neurons responded exclusively to the direction 
of force, whereas most of the muscle activity was correlated to both the direction and magnitude of 
force (Kalaska et al., 1989; Kalaska and Hyde, 1985; Taira et al., 1996). These results suggested 
that (1) in the muscles, the specification of magnitude is embedded within the directional signal, (2) 
the direction of force is most prominent in M1, and (3) that the direction of force can be controlled 
independent from its magnitude. Furthermore, these results also corroborated findings from studies 
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that used more complex dynamic isometric conditions, and which showed that M1 cortical cells are 
also directionally tuned and their activity varied with the change in force, rather than the total force 
(and muscle activity) exerted by the subject (Georgopoulos et al., 1992). The above results indicate 
that M1 is preferentially involved in the control of the dynamic component of the force and that when 
dynamic conditions are superimposed on static ones, the dynamic process seems to assume primary 
importance in the motor cortex. Lastly, with the addition of dynamic movement to the equation, the 
directional component (see section 5.1) of the force seemed, again, to play an important role 
(Georgopoulos et al., 1982; Riehle and Requin, 1995; Schwartz et al., 1988). The presence of 
directional tuning in both isometric and movement conditions suggest that that there is no 
straightforward relation between neuronal and muscle activities and that the common underlying 
factor for M1 activity may, instead, relate to a more abstract spatial representation of the movement, 
such as its trajectory (see section 5.4). 

 

 
5. Kinematic parameters of hand and finger movement 
Kinematic parameters comprise the spatial and motion aspects of the movement, which range from 
position, velocity, acceleration and direction to combinations of these, such as movement 
trajectories. In the following sections, we summarize the non-human primate and human findings 
related to four types of kinematic parameters. 
 
5.1 Direction  
One of the first groups investigating kinematic parameters of hand movement in primates were 
Georgopoulos and colleagues (1982). They used a so-called center-out task, which consists of a set 
of eight targets peripherally arranged with the same radial distance from the center, each 
representing the target position of the monkey’s hand. The authors correlated neuronal spiking 
activity in M1 to the direction in which the monkey moved its hand. In this case, direction was studied 
irrespective of the externally applied forces (for a comparison with forces see section 4.2). The 
authors provided the first evidence of directionally tuned cells, meaning that the neuronal discharge 
of a specific cell is most intense for hand movements in a particular (‘preferred’) direction, and 
gradually reduces for hand movements in other directions (Georgopoulos et al., 1982). This led to 
the coining of the term population coding, which refers to the concept that every directionally-tuned 
neuron contributes additively to movement in any direction. These findings were strengthened by 
other primate studies that showed a strong correlation between neuronal activity and movement 
direction (Kalaska et al., 1989) in both 2D and 3D spaces (Georgopoulos et al., 1986; Kettner et al., 
1988; Moran and Schwartz, 1999a; Rickert et al., 2005). Interestingly, Kettner et al., (1988) 
reported that the relation between neuronal activity and movement direction was independent of 
where the movement was made relative to the body. Others, however, have shown that changes in 
arm posture significantly change the preferred direction of M1 neurons, both during reaching tasks 
(Scott and Kalaska, 1997) and wrist movements (Kakei et al., 2003). These findings are of great 
importance for BCI control settings, in which the user body posture may change in the course of a 
day, and should be investigated further within that context.  

Besides from single neuron recordings, there is also evidence for directional tuning from neural 
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population recordings: several human ECoG studies showed accurate decoding of direction during 
both target-pursuit tasks (Ball et al., 2009; Hammer et al., 2016; Wang et al., 2012) and during 
online control of Brain-Machine Interfaces (BMI) (Milekovic et al., 2012), but to a lesser extent than 
reported in primate literature. This is probably related to the fact that ECoG electrodes measure from 
large populations of neurons each with a different preferred direction, whereas the primate studies 
investigated the responses mostly from (groups of) single cells. Nevertheless, it can be concluded 
that there is very strong and consistent evidence from both monkey and human research for the 
presence of a representation of movement direction in the SMC.  

 

5.2 Static position 

Using the center-out task mentioned above, other groups studied the relationship between neuronal 
response and different static hand positions in primates and showed that the neuronal discharge 
varied also with the (target, static) position (Ashe and Georgopoulos, 1994; Fu et al., 1995; 
Georgopoulos et al., 1984; Kettner et al., 1988; Moran and Schwartz, 1999b). A new way of 
interpreting the direction and position results, however, was proposed later by Fu et al. (1995), who 
suggested that direction and position were, in fact, temporally encoded in M1. This means that the 
specific timing of the firing, rather than the firing rate itself, would encode these parameters. Indeed, 
they found that the majority of the direction-related neuronal discharge occurs first during the pre-
movement period, followed by a peak just before holding at the final position. These results 
demonstrate that single cells could encode multiple parameters in a serial manner, tentatively 
explaining the encoding of more than one movement parameter. 

In humans, static position paradigms using finger and hand postures were investigated mostly 
with the ultimate goal of increasing the degrees-of-freedom of BCI systems. Both ECoG (Bleichner 
et al., 2016; Chestek et al., 2013) and fMRI (Bleichner et al., 2014; Leo et al., 2016) studies 
revealed accurate discrimination of different hand/finger postures and synergies (i.e., hand postures 
that result from recruiting sets of muscles and joints simultaneously), using the averaged signals 
during the movement periods, even during online control of a prosthetic limb (Chestek et al., 2013). 
Remarkably, similar to what was found in primates (Fu et al., 1995). Bleichner et al. (2016) indicated 
that neuronal activity, especially the high frequency broadband (> 75 Hz), returned to baseline values 
during the static phase after movement. Exploring this, the same group later showed that temporal 
information was crucial for decoding, and that the combination of temporal and spatial features 
increased decoding accuracy (Branco et al., 2017) even in subjects for whom decoding results were 
initially poor (Bleichner and Ramsey, 2014). These results, together with those of Fu and colleagues 
(1995), suggest that static position itself is not well represented in the SMC, but that SMC activity is 
more likely associated with the movement towards the position (i.e., the hand trajectory and 
movement direction). 

 

5.3 Velocity, acceleration and movement rate 
Hand movement also entails information about velocity and acceleration, which are, similar to force, 
vectors composed of a magnitude and a direction component (Figure 2). Velocity and acceleration 
were initially investigated in primates using the center-out task described above. Several reports 
concluded that, although less well represented in the SMC than direction, the magnitude of velocity 
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large populations of neurons each with a different preferred direction, whereas the primate studies 
investigated the responses mostly from (groups of) single cells. Nevertheless, it can be concluded 
that there is very strong and consistent evidence from both monkey and human research for the 
presence of a representation of movement direction in the SMC.  

 

5.2 Static position 

Using the center-out task mentioned above, other groups studied the relationship between neuronal 
response and different static hand positions in primates and showed that the neuronal discharge 
varied also with the (target, static) position (Ashe and Georgopoulos, 1994; Fu et al., 1995; 
Georgopoulos et al., 1984; Kettner et al., 1988; Moran and Schwartz, 1999b). A new way of 
interpreting the direction and position results, however, was proposed later by Fu et al. (1995), who 
suggested that direction and position were, in fact, temporally encoded in M1. This means that the 
specific timing of the firing, rather than the firing rate itself, would encode these parameters. Indeed, 
they found that the majority of the direction-related neuronal discharge occurs first during the pre-
movement period, followed by a peak just before holding at the final position. These results 
demonstrate that single cells could encode multiple parameters in a serial manner, tentatively 
explaining the encoding of more than one movement parameter. 

In humans, static position paradigms using finger and hand postures were investigated mostly 
with the ultimate goal of increasing the degrees-of-freedom of BCI systems. Both ECoG (Bleichner 
et al., 2016; Chestek et al., 2013) and fMRI (Bleichner et al., 2014; Leo et al., 2016) studies 
revealed accurate discrimination of different hand/finger postures and synergies (i.e., hand postures 
that result from recruiting sets of muscles and joints simultaneously), using the averaged signals 
during the movement periods, even during online control of a prosthetic limb (Chestek et al., 2013). 
Remarkably, similar to what was found in primates (Fu et al., 1995). Bleichner et al. (2016) indicated 
that neuronal activity, especially the high frequency broadband (> 75 Hz), returned to baseline values 
during the static phase after movement. Exploring this, the same group later showed that temporal 
information was crucial for decoding, and that the combination of temporal and spatial features 
increased decoding accuracy (Branco et al., 2017) even in subjects for whom decoding results were 
initially poor (Bleichner and Ramsey, 2014). These results, together with those of Fu and colleagues 
(1995), suggest that static position itself is not well represented in the SMC, but that SMC activity is 
more likely associated with the movement towards the position (i.e., the hand trajectory and 
movement direction). 

 

5.3 Velocity, acceleration and movement rate 
Hand movement also entails information about velocity and acceleration, which are, similar to force, 
vectors composed of a magnitude and a direction component (Figure 2). Velocity and acceleration 
were initially investigated in primates using the center-out task described above. Several reports 
concluded that, although less well represented in the SMC than direction, the magnitude of velocity 

 

(speed) is encoded as well (Ashe and Georgopoulos, 1994; Moran and Schwartz, 1999b). 
Acceleration is considered the least represented of these parameters (Golub et al., 2014; Moran and 
Schwartz, 1999a). However, these results were contested by Paninski et al. (2004) and Wang et al. 
(2007), who expressed concerns regarding the center-out task. Indeed, a major confound when 
studying movement velocity, is the interdependence with target position. Wang and colleagues 
(2007) attempted to reduce the statistical dependencies between velocity and position, and 
compared the results of a standard center-out reaching task with a random reaching task, in which 
the starting position and end target were chosen randomly in the 3D space (Wang et al., 2007). They 
showed not only a representation of position, as reported before (section 5.2), but also confirmed 
the presence of a representation of velocity magnitude (speed) and velocity direction in M1 during 
movement.  

Human ECoG studies have reported that speed is more clearly represented in M1 than (velocity) 
direction, and that specific frequency components of the signals are associated with each of these 
kinematic parameters (Hammer et al., 2013, 2016). The authors argued that the difference in 
representation of direction and speed between the single neuron level (where direction was better 
represented than velocity) and large population level could be explained by the scale of the 
recording, in that the speed tuning may be constructively summed up across the neuronal 
population, and is, therefore, most evident in the average of large enough populations (> 10.000 
neurons) (Hammer et al., 2016). 

Human fMRI and ECoG studies have also focused on describing hand/finger movement rate, that 
is, the frequency of repeated finger tapping movement, where an increase in finger tapping rate 
leads to an increase in both the velocity and acceleration amplitudes of the finger movement. In 
fMRI, a linear relationship between the movement rate and the BOLD amplitude was found  for lower 
movement rates, but saturation occurs at higher movement frequencies (Jäncke et al., 1998; 
Riecker et al., 2003; Sadato et al., 1997; Siero et al., 2013). The range of frequencies for which the 
linear relation (and saturation thereafter) was identified varied considerably across studies, from 0-1 
Hz (Siero et al., 2013) to 1.5-5 Hz (Jäncke et al., 1998), and there is currently no explanation for 
these differences in saturation points. The saturation itself has been associated with a decrease in the 
amplitude of movement-induced changes in spectral power in the high frequency band (> 65 Hz) of 
the electrical neuronal signal (Siero et al., 2013). Indeed, ECoG research has shown that, after the 
first movement, neuronal activity during each subsequent movement declines when multiple similar 
movements are made at a fast rate (Hermes et al., 2012b; Siero et al., 2013). Nevertheless, none of 
the previous studies has investigated the modulation of the ECoG signal’s amplitude with respect to 
movement rate and it remains to be determined if increasing movement rate is associated with 
consistent change in the amplitude of the recorded signal. 
 
5.4 Movement trajectories 
So far, most studies have focused on the description of kinematics variables as static, scalar 
quantities, by comparing the temporal average of the movement feature and the temporal average 
of the neuronal output. By combining information from position and velocity, however, one can 
reconstruct the trajectory of the movement, that is the path followed by the hand or fingers when 
moving towards a target or position. Indeed, investigating the representation of complete 
continuous, more natural, trajectories can be of great interest, not only for our understanding of the 
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neuronal underpinnings of movement, but also for the design of BCIs.  
The first evidence for the presence of a representation of dynamic position (i.e., trajectory) in the 

motor cortex was given by Ashe and Georgopoulos, (1994). This study, later confirmed by (Moran 
and Schwartz, 1999b), showed that, although quantitatively less represented in M1 than target 
direction and velocity, the continuous change in position of the hand was highly correlated with 
neuronal response. Later, several primate needle studies reconstructed hand and arm movement 
trajectories from the SMC and used them to control, in real-time, robotic device in 1D and 3D spaces, 
using both linear and non-linear algorithms (Wessberg and colleagues, 2000; Paninski et al., 2004; 
Aggarwal et al., 2013). Aggarwal et al., (2013) showed, additionally, that spiking activity, rather 
than local field potentials (averaged signal between 0.7 and 175 Hz), was the most informative for 
decoding trajectories. Other studies in monkeys showed successful reconstruction of arm (Chao et 
al., 2010) and hand (Shimoda et al., 2012) trajectories, mostly from the higher-frequency 
components of ECoG (> 40 Hz). These results are, in fact, in line with the findings of Aggarwal and co-
workers, since higher-frequency band signals are thought to be especially related to spiking activity 
(Buzáki and Wang, 2012; Miller et al., 2009a). 

Successful reconstruction of 2D and 3D trajectories has also been demonstrated in humans using 
ECoG signals (Acharya et al., 2010; Gunduz et al., 2009; Nakanishi et al., 2017, 2014; Pistohl et 
al., 2008; Schalk et al., 2007). Several of these studies investigated which electrodes and temporal-
spectral features of the ECoG signal were most useful for decoding. In general, M1 was the most 
informative cortical region, followed by S1, and the high-frequency band signals together with the 
low-pass filtered ECoG signal, also known as local motor potential (Acharya et al., 2010; Nakanishi 
et al., 2017, 2014; Pistohl et al., 2008; Schalk et al., 2007), were the most informative features. 
Remarkably, in one of the studies of Nakanishi and colleagues (2014), the authors even showed that 
the finer fingertip trajectories (Figure 3) can be predicted with very high precision (r > 0.92) from the 
upper part of the SMC.  

Notably, the aforementioned primate and human studies investigating the representation of 
movement trajectory used sophisticated regression models to optimally predict the position and 
velocity vectors, which incorporated not only multiple kinematic variables, but also their temporal 
dynamics. The adequate decoding of movement trajectories obtained with these models indicates 
that the use of movement trajectories for BCI purposes may provide users with a precise interaction 
with the environment.  

 
 

6. Discussion 
Brain-Computer Interfaces have been proposed as a technology to replace, restore, enhance, 
supplement or improve (lost) natural central nervous system output (Brunner et al., 2015; Wolpaw, 
2007). The sensorimotor cortex (SMC) is frequently taken as a source of signals for BCI control, as it 
shows large and consistent signal changes related to movement. However, a further improvement of 
the accuracy and specificity of BCI control will benefit from a thorough understanding of how the 
SMC cortical activity specifies the spatiotemporal properties of the movement. To what extent 
kinematic and kinetic parameters contribute to the output movement is still a topic of great 
discussion (Kalaska, 2009; Todorov, 2000). Therefore, we summarized here the most consistent 
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neuronal underpinnings of movement, but also for the design of BCIs.  
The first evidence for the presence of a representation of dynamic position (i.e., trajectory) in the 

motor cortex was given by Ashe and Georgopoulos, (1994). This study, later confirmed by (Moran 
and Schwartz, 1999b), showed that, although quantitatively less represented in M1 than target 
direction and velocity, the continuous change in position of the hand was highly correlated with 
neuronal response. Later, several primate needle studies reconstructed hand and arm movement 
trajectories from the SMC and used them to control, in real-time, robotic device in 1D and 3D spaces, 
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components of ECoG (> 40 Hz). These results are, in fact, in line with the findings of Aggarwal and co-
workers, since higher-frequency band signals are thought to be especially related to spiking activity 
(Buzáki and Wang, 2012; Miller et al., 2009a). 
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upper part of the SMC.  

Notably, the aforementioned primate and human studies investigating the representation of 
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velocity vectors, which incorporated not only multiple kinematic variables, but also their temporal 
dynamics. The adequate decoding of movement trajectories obtained with these models indicates 
that the use of movement trajectories for BCI purposes may provide users with a precise interaction 
with the environment.  
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kinematic and kinetic parameters contribute to the output movement is still a topic of great 
discussion (Kalaska, 2009; Todorov, 2000). Therefore, we summarized here the most consistent 

 

evidence 

Figure 2 – Fingertip trajectories.  
Fingertip trajectories (x, y, z coordinates) were decoded from one (epilepsy) patient implanted with ECoG grids (1 
cm inter-electrode distance) over the left hemisphere sensorimotor cortex. In this study signals from nine 
frequency bands were used: 0-4 Hz, 4-8 Hz, 8-14 Hz, 14-20 Hz, 20-30 Hz, 30-60 Hz, 60-90 Hz and 90-120 Hz. Left 
panel: 3D view of the finger trajectories. The delta and high-frequency bands (> 90 Hz) contribute most 
significantly to the trajectory prediction. Predicted (red lines) and actual trajectories (blue lines) for all trials are 
displayed. Right panel: Examples of the predicted (red lines) and actual trajectories (blue lines) for three individual 
fingers (thumb, index and middle finger) compared using correlation coefficient (CC) and normalized root-mean-
square-error (nRMSE) values. The graphs express changes in x, y, and z coordinates over time, as well as the x–z 
plane projections (bottom row) of curves in the 3D view (adapted with permission from Nakanishi et al., 2014). 
 
 
 

evidence on the representation of kinematic and kinetic parameters of hand and finger movement 
control in the SMC. 
 
6.1 Using kinetics or kinematics for BCI? 
In general, evidence for a clear representation of most movement parameters was found, from low-
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level forces and muscle activities (kinetics) to high-level spatial and motion aspects (kinematics). The 
first studies on movement parameters compared force to neuronal output (Evarts, 1968), based on 
the assumption that the motor cortex has a direct relation with muscle output. Later on, multiple 
studies focused, instead, on the direction component of the applied force, revealing strong evidence 
(mostly in monkeys) for direction tuning of the SMC neurons (Georgopoulos et al., 1986; Kettner et 
al., 1988; Moran and Schwartz, 1999a). Other interesting findings were that movement parameters 
(e.g., movement direction) did not seem to be coded by single-neuron patterns but by neuronal 
ensembles (Georgopoulos et al., 1982), and that the neurons may temporally encode different 
parameters at different stages of the movement (Branco et al., 2017; Elsayed et al., 2016; Fu et al., 
1995; Moran and Schwartz, 1999a; Sergio and Kalaska, 1998), pleading for the prevailing 
encoding of spatial-temporal features of the movement, such as trajectories, rather than separate 
parameters. Indeed, the prediction of trajectories (combination of hand/finger position and velocity) 
showed impressive results both in non-human primates and humans (e.g., Nakanishi et al., 2014; 
Shimoda et al., 2012; Wessberg et al., 2000), suggesting that the SMC provides enough 
discriminative information to replicate the intended arm and finger movements, a concept which can 
be successfully used for online BCI control of prosthetics and robots (Aggarwal et al., 2013; Paninski 
et al., 2004; Wessberg et al., 2000).  

Even though the decoding of continuous variables, such as movement trajectories, is of great 
value for the BCI control of robotic arms and hands, BCIs can also be benefit from the decoding of 
discrete classes of movement, in that each class could control an independent degree-of-freedom of 
the system. In that regard, the most discriminative parameters represented in the human SMC 
appear to consist of individual finger movement (either single (Miller et al., 2009b; Siero et al., 
2014) or repeated movements (Hermes et al., 2012b; Siero et al., 2013)), movement direction 
(Milekovic et al., 2012) and complex movements (such as hand postures, configurations or muscle 
synergies (Bleichner et al., 2016; Chestek et al., 2013; Ejaz et al., 2015; Leo et al., 2016)). Using 
ECoG and fMRI recordings in humans, the optimal spatial location and the best temporal-spectral 
signal features for decoding were investigated. Most discriminative information was located in the 
SMC, with some studies indicating significant information from supplementary motor areas 
(Indovina and Sanes, 2001), pre-motor cortex and pre-frontal cortex (Chao et al., 2010; Nakanishi 
et al., 2017; Shimoda et al., 2012); and most discriminative features were the low-passed filtered 
and high-frequency band signals (Chao et al., 2010; Nakanishi et al., 2017; Shimoda et al., 2012). 

Altogether, the extensive variability of parameters represented in SMC supports the presence of 
a complex relationship between behavior and neuronal activity, likely because the SMC is responsible 
for the generation of complex movements composed of different speeds, forces and directions, and 
interacts with many different cortical and subcortical areas and spinal cord. In 2009, Kalaska raised 
several interesting questions, such as: “Which movements should we be looking at?”, “Can we really 
decouple movement parameters?”, and “What is the role of the motor network on the SMC?” Indeed, 
most studies looked at correlations between neuronal output and specific parameters, which can be 
easily confounded by the inevitable correlation to other parameters (Reimer and Hatsopoulos, 
2009), and therefore are unlikely to unveil the causality between any of the parameters and the 
neuronal source. As an example, most of the individual finger representation studies used finger 
flexion and extension paradigms, which also elicit changes in finger velocity, position and direction. 
Perhaps, a better way to interpret these results is to consider the existence of a motor mechanical 
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level forces and muscle activities (kinetics) to high-level spatial and motion aspects (kinematics). The 
first studies on movement parameters compared force to neuronal output (Evarts, 1968), based on 
the assumption that the motor cortex has a direct relation with muscle output. Later on, multiple 
studies focused, instead, on the direction component of the applied force, revealing strong evidence 
(mostly in monkeys) for direction tuning of the SMC neurons (Georgopoulos et al., 1986; Kettner et 
al., 1988; Moran and Schwartz, 1999a). Other interesting findings were that movement parameters 
(e.g., movement direction) did not seem to be coded by single-neuron patterns but by neuronal 
ensembles (Georgopoulos et al., 1982), and that the neurons may temporally encode different 
parameters at different stages of the movement (Branco et al., 2017; Elsayed et al., 2016; Fu et al., 
1995; Moran and Schwartz, 1999a; Sergio and Kalaska, 1998), pleading for the prevailing 
encoding of spatial-temporal features of the movement, such as trajectories, rather than separate 
parameters. Indeed, the prediction of trajectories (combination of hand/finger position and velocity) 
showed impressive results both in non-human primates and humans (e.g., Nakanishi et al., 2014; 
Shimoda et al., 2012; Wessberg et al., 2000), suggesting that the SMC provides enough 
discriminative information to replicate the intended arm and finger movements, a concept which can 
be successfully used for online BCI control of prosthetics and robots (Aggarwal et al., 2013; Paninski 
et al., 2004; Wessberg et al., 2000).  

Even though the decoding of continuous variables, such as movement trajectories, is of great 
value for the BCI control of robotic arms and hands, BCIs can also be benefit from the decoding of 
discrete classes of movement, in that each class could control an independent degree-of-freedom of 
the system. In that regard, the most discriminative parameters represented in the human SMC 
appear to consist of individual finger movement (either single (Miller et al., 2009b; Siero et al., 
2014) or repeated movements (Hermes et al., 2012b; Siero et al., 2013)), movement direction 
(Milekovic et al., 2012) and complex movements (such as hand postures, configurations or muscle 
synergies (Bleichner et al., 2016; Chestek et al., 2013; Ejaz et al., 2015; Leo et al., 2016)). Using 
ECoG and fMRI recordings in humans, the optimal spatial location and the best temporal-spectral 
signal features for decoding were investigated. Most discriminative information was located in the 
SMC, with some studies indicating significant information from supplementary motor areas 
(Indovina and Sanes, 2001), pre-motor cortex and pre-frontal cortex (Chao et al., 2010; Nakanishi 
et al., 2017; Shimoda et al., 2012); and most discriminative features were the low-passed filtered 
and high-frequency band signals (Chao et al., 2010; Nakanishi et al., 2017; Shimoda et al., 2012). 

Altogether, the extensive variability of parameters represented in SMC supports the presence of 
a complex relationship between behavior and neuronal activity, likely because the SMC is responsible 
for the generation of complex movements composed of different speeds, forces and directions, and 
interacts with many different cortical and subcortical areas and spinal cord. In 2009, Kalaska raised 
several interesting questions, such as: “Which movements should we be looking at?”, “Can we really 
decouple movement parameters?”, and “What is the role of the motor network on the SMC?” Indeed, 
most studies looked at correlations between neuronal output and specific parameters, which can be 
easily confounded by the inevitable correlation to other parameters (Reimer and Hatsopoulos, 
2009), and therefore are unlikely to unveil the causality between any of the parameters and the 
neuronal source. As an example, most of the individual finger representation studies used finger 
flexion and extension paradigms, which also elicit changes in finger velocity, position and direction. 
Perhaps, a better way to interpret these results is to consider the existence of a motor mechanical 

 

and behavioral model that incorporates the complete motor output (Ebner et al., 2009), as discussed 
in the following section.  

 
6.2 Evidence from sensorimotor control models 
One important question in the study of movement parameters is whether the concept of 
parameterization (i.e., describing the movement as a series of parameters) is valid (Ebner et al., 
2009). In recent years, the view on, and study of, movement parameters shifted from single 
parameter (e.g., direction, position, velocity) and simple conditions (single-joint, static isometric 
paradigms) to multiple parameters and complex conditions (trajectories, multi-joints, dynamic 
movement). As mentioned above, almost all movement parameters are associated with a detectable 
response in the SMC. This could be a result of the intrinsic correlation between movement 
parameters created by the musculoskeletal biomechanics and anatomy constrains. For instance, 
hand movement automatically involves a combination of direction and magnitude of muscle 
contraction and forces, movement velocity and acceleration. However, these parameters are all 
interconnected and can be modelled together as part of one movement. To date two frameworks 
have been proposed to model the human movement, the Optimal Feedback Control (OFC) and 
Active Inference (AI) models (Friston, 2011). In the OFC framework, the motor command estimation 
is created by minimizing the error between the feedback signals (sensory feedback) and an efferent 
copy of the motor commands created by an optimal feedback law (Scott, 2004). In other words, the 
OFC is a closed-loop process that minimizes the variability in the output parameters by continuously 
measuring the feedback and correct the motor output. Conversely, in the AI framework a generative 
model predicts the motor output (rather than send motor commands) and minimizes the prediction 
error by adjusting the internal model (Adams et al. 2013). That is, AI is based on prediction of the 
motor output that relies prior observed preferences. Even though there is no consensus over which 
model best represents reality, the OFC model has been explored more intensively in the last decades.  

In an effort to explain that the correlations found between neuronal signals and multiple 
movement parameters are not mutually exclusive, Todorov (2000) developed an interesting OFC 
mechanistic model to explain the representation of motor behavior in the SMC, which incorporates 
properties of muscle and multi-joint mechanics. The model shows how M1 activity can cause motor 
behavior, just by taking into consideration the physical (muscle and joint) constraints associated with 
movement. He showed that the observed correlations of parameters simply emerge from the model 
and were consistent with the ones found in the literature, such as the representation of force 
magnitude in isometric tasks and of velocity in movement tasks, the dominance of velocity and force 
direction over magnitude, and the temporal multiplexing of direction and target position signals. This 
interesting theory suggests that the relative contribution of different movement parameters are not 
physiological characteristics, but rather depend on the actual motor behavior. Based on this theory, 
recent studies have attempted to use OFC to control Brain-Machine Interfaces in primates, by 
developing decoders that combine the target information, external feedback and the neuronal 
spiking activity during movement (Benyamini and Zacksenhouse, 2015; Shanechi et al., 2013a, 
2013b). Results of these studies show not only that this model closely mimics the sensorimotor 
control system, but also that the use of more advanced models can be very promising for neural-
control. 
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6.3 Other BCI considerations  
Besides a search for movement parameters that are associated with the most consistent and large 
signal changes in the SMC, there are other considerations that need to be addressed when designing 
a BCI. First, it should to be noted that most BCI studies described in this manuscript focus on offline 
decoding of multiple movement parameters. The question is whether the interpretation of the 
results between offline and online experiments would differ. Several studies have investigated this 
topic, and showed that the offline decoding of hand movement is highly predictive of BCI 
performance in real-time applications that use, for instance, prosthetic devices for feedback 
(Gharabaghi et al., 2014; Yanagisawa et al., 2011) or to control a one-dimensional ‘brain-click’ on a 
computer program (Vansteensel et al., 2016). 

Second, the target population for BCIs are typically individuals with severe paralysis and/or 
communication problems (Pels et al., 2017). In most cases, actual movement is not possible, leaving 
imagined and/or attempted movement as alternative options to control a BCI. In this review we 
focused on studies where actual movement was studied, and for these studies to be of optimal value 
for the BCI field, we need to be aware of the similarities and differences in neuronal representation of 
executed, imagined and attempted movement. Importantly, a great amount of evidence shows that 
attempted movements generate similar activation patterns in the SMC as actual movement. 
Examples are studies that showed that attempted and phantom hand movements could be 
accurately and robustly classified from the high-frequency band SMC signals using a real-time 
closed-loop feedback control, from amputated or paralyzed individuals (Degenhart et al., 2018; 
Gharabaghi et al., 2014; Wang et al., 2013; Wessberg et al., 2000; Yanagisawa et al., 2011); two 
extended fMRI studies that showed that finger representation was intact (Kikkert et al., 2016) and 
that attempted complex hand gestures (6 in total) can still be decoded accurately from individuals 
with an amputated arm (Bruurmijn et al., 2017). Moreover, the results from the human pilot clinical 
trial BrainGate Neural Interface System (http://www.clinicaltrials.gov/ct2/show/NCT009120 41) have 
demonstrated successful decoding of hand kinematics from SMC in paralyzed individuals (Ajiboye et 
al., 2012; Hochberg et al., 2012; Jarosiewicz et al., 2015; Pandarinath et al., 2017; Simeral et al., 
2011; Zhuang et al., 2010). An interesting question remaining to be answered is whether the OFC 
and AI motor control models described above (section 6.2) change when no actual movement is 
performed and no feedback is provided. 

Third, we saw that hand and fingers are well represented in the SMC, although with some 
overlap. Considering that the brain is a plastic organ, an interesting question would be if any other 
body part, such as lips, eyes or legs, produce activity in the same cortical location as the hand and 
fingers. This is especially relevant for users that still have residual muscle movement or control eye-
tracking systems using their eyes. In these situations, it is not known whether there is overlapping 
activity and if so, how are these different from the cortical presentations know to date. 

Fourth, as shortly mentioned above, there are indications that arm posture influences the cortical 
representation of some movement parameters, such as movement direction (Kakei et al., 2003; 
Scott and Kalaska, 1997). In other words, the representation of hand movement may change with 
different arm positions or orientations. This result may have consequences for home-use BCI control 
of severely paralyzed individuals, as a new cortical representation implies re-interpretation of the 
parameters (i.e., system calibration) each time the position of the arm changed (e.g., after 
caretaking). Clearly, the extent to which this phenomenon affects BCI performance should be 
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Third, we saw that hand and fingers are well represented in the SMC, although with some 
overlap. Considering that the brain is a plastic organ, an interesting question would be if any other 
body part, such as lips, eyes or legs, produce activity in the same cortical location as the hand and 
fingers. This is especially relevant for users that still have residual muscle movement or control eye-
tracking systems using their eyes. In these situations, it is not known whether there is overlapping 
activity and if so, how are these different from the cortical presentations know to date. 

Fourth, as shortly mentioned above, there are indications that arm posture influences the cortical 
representation of some movement parameters, such as movement direction (Kakei et al., 2003; 
Scott and Kalaska, 1997). In other words, the representation of hand movement may change with 
different arm positions or orientations. This result may have consequences for home-use BCI control 
of severely paralyzed individuals, as a new cortical representation implies re-interpretation of the 
parameters (i.e., system calibration) each time the position of the arm changed (e.g., after 
caretaking). Clearly, the extent to which this phenomenon affects BCI performance should be 

 

addressed in future studies, since stable and reliable BCI accuracy in real-life home situations is 
crucial for BCI acceptance and use by the target population (Huggins et al, 2011). 

Lastly, with regard to the concept of learning (Ebner et al., 2009; Paz and Vaadia, 2004), it 
remains unknown whether the encoding of any parameter is predetermined or is a learned 
association. It is expected that the brain adapts to relevant behavioral variables, meaning that 
frequently used features should be encoded stronger than less frequently used features (Ebner et al., 
2009). Moreover, considering the fact that the motor structures are plastic and people are able to 
learn to control strategies, it is unclear whether chronic use of a particular movement (parameter) in 
BCI control settings affects the representation of the movement parameter and the long-term BCI 
performance. From literature, some evidence supports the idea that that frequently used finger 
configurations are more strongly represented than less frequently used configurations (Leo et al., 
2016), but this topic needs further investigation from a BCI perspective.  
 
6.4 Limitations 
Some of the diversity between the results of different studies may be explained by the different 
nature of the recording techniques. In this review we focused on studies using intracortical needle, 
intracranial ECoG and fMRI recording techniques, since these provide the most accurate spatial 
and/or temporal resolution of the acquired signals, which is especially important for the mapping of 
movement parameters to concise cortical regions (order of 1 neuron to 10.000 neurons) and in short 
time windows (order of milliseconds) (Nicolas-alonso and Gomez-gil, 2012). Most intracortical 
research was performed on non-human primates, which may not directly extrapolate to humans 
(Passingham, 2009). Yet, consistent conclusions were drawn across studies in multiple parameters, 
such as movement direction and trajectory. Moreover, less literature focused on fMRI 
measurements, possibly since these are considerably susceptible to movement artefacts, leading to 
limitations regarding the study of certain movement parameters, and because of the slow 
hemodynamic response. Nevertheless, fMRI studies provide a broader mapping of cortical and sub-
cortical areas than electrophysiological techniques, and fMRI activation patterns have been shown to 
be highly correlated to changes in high-frequency ECoG signals (e.g., Hermes et al., 2012a). As such, 
fMRI is recognized as a valuable technique to study the brain, also for BCI purposes. 

Finally, there was quite some variability in the paradigms used, even when authors attempted to 
examine the same parameter of the movement. The reason for this difference is likely due to the 
considerable differences in setup between primate and human studies, and between 
electrophysiological and hemodynamic studies. In order to provide consistent and reproducible 
findings across all fields, an effort should be made to standardize paradigms to study specific 
parameters, allowing for a more accurate comparison between techniques.   

 
 

7. Conclusion 
This literature review provides a summary of existing literature on the representation of different 
kinetic and kinematic parameters of movement in the sensorimotor cortex, with the goal of 
providing the research community with information about which parameters of the movement are 
promising candidates as a BCI control paradigm. We conclude that all evaluated parameters are to 
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some extent represented in the sensorimotor cortex. Nevertheless, we show that some strategies, 
such as individual finger movement, movement direction, hand postures and movement trajectories 
can be most accurately discriminated from the SMC and are, therefore, the most promising 
candidates for BCI control. The broad evidence for the encoding of multiple parameters suggests 
that movement should likely be interpreted as a combination of multiple parameters and that more 
complex mechanistic models may be the key to describe motor behavior. Future work should 
evaluate the decoding performance using these strategies, its stability in chronic long-term BCIs, as 
well as the online implementation of control models to improve decoding of natural movements.    
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Abstract 
 

Electrocorticography (ECoG) based Brain-Computer Interfaces (BCIs) have been proposed as a way to 
restore and replace motor function or communication in severely paralyzed people. To date, most 
motor-based BCIs have either focused on the sensorimotor cortex as a whole or on the primary motor 
cortex (M1) as a source of signals for this purpose. Still, target areas for BCI are not confined to M1, and 
more brain regions may provide suitable BCI control signals. A logical candidate is the primary 
somatosensory cortex (S1), which not only shares similar somatotopic organization to M1, but also has 
been suggested to have a role beyond sensory feedback during movement execution. Here, we 
investigated whether four complex hand gestures, taken from the American sign language alphabet, 
can be decoded exclusively from S1 using both spatial and temporal information. For decoding, we 
used the signal recorded from a small patch of cortex with subdural high-density (HD) grids in five 
patients with intractable epilepsy. Notably, we introduce a new method of trial alignment based on 
the increase of the electrophysiological response, which virtually eliminates the confounding effects of 
systematic and non-systematic temporal differences within and between gestures execution. Results 
show that S1 classification scores are high (76%), similar to those obtained from M1 (74%) and 
sensorimotor cortex as a whole (85%), and significantly above chance level (25%). We conclude that S1 
offers characteristic spatiotemporal neuronal activation patterns that are discriminative between 
gestures, and that it is possible to decode gestures with high accuracy from a very small patch of 
cortex using subdurally implanted HD grids. The feasibility of decoding hand gestures using HD-ECoG 
grids encourages further investigation of implantable BCI systems for direct interaction between the 
brain and external devices with multiple degrees of freedom. 
 
 
Keywords: Brain-Computer Interface, Decoding, Electrocorticography, Primary motor cortex, Primary 
somatosensory cortex  



116 

1. Introduction 
The research of Brain-Computer Interface (BCI) systems for restoring and replacing motor function or 
communication in severely paralyzed people has increased significantly in the last decades  (Daly and 
Wolpaw, 2008; Miller and Hatsopoulos, 2012). To date, most BCI studies have focused on the 
sensorimotor cortex (Brodmann areas, BA, 1-4) (Yuan and He, 2014), which is known to have a direct 
relationship with movement execution, attempt and imagery (Hochberg et al., 2006; Leuthardt et 
al., 2004; Miller et al., 2009b, 2010; Pistohl et al., 2008). The sensorimotor cortex can be divided 
into the primary motor cortex (M1, BA4) and the primary somatosensory cortex (S1, BA1-3). Both 
areas are somatotopically organized (Penfield and Boldrey, 1937) and provide rich spatial detail that 
could be exploited for BCIs with multiple degrees-of-freedom. In particular, a distinct portion of M1 
denoted the “hand knob” has been proven to directly control hand movements (Yousry et al., 1997) 
and there is strong evidence from micro-array and needle recordings from both non-human primate 
(Georgopoulos et al., 1986) and human (Hochberg et al., 2006) studies that this region allows 
decoding of arm and hand motor movements.  

Even though M1 has been the main target for motor-related BCI control studies, S1 would be a 
logical alternative candidate due to its somatotopic organization. On the one hand, S1 is known to be 
related to afferent signal processing in humans, mostly present during touch, proprioception and pain 
perception  (Martuzzi et al., 2014; Stringer et al., 2014). On the other hand, there is evidence for a 
role of sensory information during movement execution and attempted movement (Cramer et al., 
2005; Kikkert et al., 2016). Recent predictive and feedback models for voluntary control, for example, 
suggest that there may be driving connections from S1 to M1 (Adams et al., 2012; Scott, 2012), 
providing good reason to believe that S1 would encode similar topographical activation patterns as M1 
during movement execution and attempted movement tasks, and thus be a potential target for future 
BCIs.  

Several studies in humans have shown successful decoding of hand related tasks from the 
sensorimotor cortex (M1 and S1 combined) using subdurally implanted electrodes 
(electrocorticography, ECoG) (Chestek et al., 2013; Kubánek et al., 2009; Miller et al., 2009b; 
Pistohl et al., 2011; Schalk et al., 2007), but so far, only one study (Chestek et al., 2013) has 
indicated that S1 alone may provide informative signals for BCI purposes. In these studies, standard 
clinical grids were used, which cover a relatively large area of cortex with spatial resolution of one 
electrode (or small clusters of microelectrodes) per cm2. Notably, we have previously shown that 
motor representations of the different fingers are located within an area of about 1 cm2  (Siero et al., 
2014), meaning that standard clinical grids fail to capitalize on the spatial detail of this cortical feature. 
Additionally, decoding from large regions of cortex that extend widely beyond the topographical 
representation associated with the movement of interest (e.g., “hand knob” for hand movements), 
makes it unclear what cortical functions are involved in decoding. 

In the present study, we specifically address the question whether hand movements can be 
decoded from the S1 hand region alone. We investigate whether four complex hand gestures, 
previously shown by our group to be spatially decodable from the sensorimotor cortex as a whole 
(Bleichner et al., 2014), can be decoded exclusively from S1 using both spatial and temporal 
information. Additionally, in order to investigate whether the S1 discriminative neuronal information is 
decoupled from sensory feedback, we analyzed the spatiotemporal response prior to movement 
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onset. To prevent spatial undersampling, we used grids with a high-density of electrodes (9/cm2). We 
focus on the high-frequency broadband or gamma-band power change of the ECoG signal (70-125 
Hz) (Crone et al., 1998; K. Miller et al., 2009a; Miller et al., 2009b), which has been shown to have a 
time-locked response to motor execution, is commonly spatially specific (Buzsáki and Wang, 2012; 
Hermes et al., 2012; Siero et al., 2014), and allows for optimal decoding of hand gestures  
(Bleichner et al., 2014). In short, in the current study, we compare the classification scores based on 
spatiotemporal gamma-band features between high-density-ECoG electrodes localized over S1, M1 
and both M1 and S1 (sensorimotor cortex). Additionally, we introduce a new method for trial re-
alignment that minimizes confounding effects caused by the temporal differences in the 
electrophysiological response to the task. 

 
 
2. Materials and Methods 

 
2.1 Subjects 
Subjects of the study were five patients (mean age 31, range 19-45; see Table 1) with intractable 
epilepsy who were implanted with subdural ECoG grids to localize the seizure focus. This study was 
approved by the Medical Ethical Committee of the Utrecht University Medical Center. All patients 
signed informed consent according to the Declaration of Helsinki (2008). 

Both standard clinical ECoG and high-density ECoG grids were implanted. Standard ECoG grids 
had an inter-electrode distance center-to-center of 1 cm and 2.3 mm exposed surface diameter 
(AdTech, Racine, USA). High-density grids had either 32 or 64 channels, with 1.3 mm exposed surface 
diameter and an inter-electrode distance of 3 mm center to center (AdTech, Racine, USA). The 32-
channel grid covered an area of 2.5 cm2 (4x8 electrode layout), whereas the 64-channel grid covered 
an area of 5.2 cm2 (8x8 electrode layout).  

The current study focuses only on the high-density grids that covered (parts of) the sensorimotor 
cortex (see Table 1 for details), including the hand knob region. Some electrodes were excluded from 
the analysis due to technical problems (e.g., a broken lead, causing flat or unstable signals) or high 
power-line noise level. Notably, for none of the patients, the epileptic focus overlapped with the 
hand knob region. For each subject, the electrodes (Table 1) were localized using co-registration 
between a high resolution post-implantation Computerized Tomography (CT) scan (Philips 
Tomoscan SR7000, Best, the Netherlands) and a pre-operative T1-weighed anatomical scan on a 3T 
Magnetic Resonance system (Philips 3T Achieva, Best, the Netherlands) with algorithms published in  
(Hermes et al., 2010) and displayed on a cortex surface rendering (Figure 1). By visual inspection, the 
projected electrodes anterior to central sulcus were labeled as M1 electrodes, whereas the ones 
posterior to central sulcus were labeled S1 electrodes. Electrodes over the central sulcus were labeled 
according to the closest gyrus. 

 
2.2 Task 
The task (Figure 2), as described in (Bleichner et al., 2014), involved the execution of four different 
hand gestures (G1, G2, G3 and G4), which were taken from the American Sign Language finger 
spelling alphabet (‘D’, ‘F’, ‘V’ and ‘Y’, respectively). The participants were asked to copy the gesture 
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presented on the screen using the hand contralateral to grid implantation and hold it for 6 seconds. 
The trials were interleaved with a rest condition (6 seconds), where the subject was asked to place 
their hand in a relaxed open hand position. Each run consisted of 40 gesture trials of randomly 
presented gestures (10 times per gesture) and 41 rest trials. Participant 5 performed two (equal) runs. 
All subjects had their gestures recorded by a data glove (5DT Inc., Irvine, USA) for performance 
verification, based on which incongruent or erroneous trials (i.e., performing an incorrect or no 
gesture, moving additional fingers or correcting the gesture) were excluded from the analysis. 
 

 
 
 
 
Table 1 – Patient characteristics and high-density grid information. 

 
 

Patient No. Subject 1 Subject 2 Subject 3 Subject 4 Subject 5 

Age 29 42 19 19 45 

Gender Male Male Female Male Female 

Handedness Right Right Right Right Left 

Implanted 
hemisphere 

Left Left Left Left Right 

Epileptic 
resected area 

Posterior high 
parietal  

Temporal lobe 
(including 

amygdala and 
hippocampus) 

Posterior medial 
frontal gyrus until 
pre-central gyrus 

Anterior 
temporal lobe 

(including 
amygdala and 
hippocampus) 

Frontal-para-
sagittal  

High-density 
grid location 

Hand knob 
(post-central) 

Hand knob (pre-
central and 

superior post-
central 

Hand knob (pre- 
and post-central) 

Hand knob 
(superior pre-

central) 

Hand knob 
(primarily 

post-central) 

Total number 
of included 
electrodes 

29/32 24/32 32/32 31/32 59/64 

Number of 
electrodes 
over M1 

- 15 16 31 11 

Number of 
electrodes 
over S1 

29 9 16 - 48 
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Figure 1- Position of the electrode grids of all individual subjects.  
The central sulcus (CS, black line) separates the primary motor cortex (M1, in blue) from the primary 
somatosensory cortex (S1, in orange). Dashed yellow lines indicate the hand knob region as determined with pre-
surgical functional MRI. Electrodes over the blue areas were labeled as M1 electrodes, electrodes over orange 
areas were labeled as S1 electrodes and electrodes in black were excluded from the analysis. 

 
 

 
Figure 2 – Task paradigm. 
A) Four hand gestures (G1, G2, G3 and G4), taken from the American Sign Language finger spelling alphabet (‘D’, 
‘F’, ‘V’ and ‘Y’, respectively), were executed during the task. B) The task paradigm comprised 10 trials per gesture, 
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presented in the screen for 6 seconds, interleaved with 6 seconds of rest trials (open relaxed hand). The gestures 
were recorded using a data glove device, which measured the flexion of each finger. The figure shows a 
representative data glove trace for gesture D, where the light blue line is the thumb, the orange line is the index 
finger, the yellow line is the middle finger, the purple line is the ring finger and the green line the little finger. 

 
 
 

2.3 ECoG acquisition and preprocessing 
ECoG signals were continuously recorded using a 128 channel Micromed system (Treviso, Italy; 22 
bits, hardware band-pass filter 0.15-134.4 Hz) with 512 Hz sampling frequency. The data was 
analyzed offline and preprocessed using the open source FieldTrip® toolbox  (Oostenveld et al., 
2010) for MATLAB® (MathWorks Inc.) as follows: first, the continuous data were filtered using a 
notch filter (center at 50 and 100 Hz) and re-referenced using the common average reference (CAR) 

of all included high-density electrodes facing the surface of the brain cch(i) = ch(i) − /
f
∑ ch(𝑘𝑘)i j; 

second, the data were divided into trials that were aligned using an electrophysiology marker, as 
described in section 2.5.  

 
2.4 Feature extraction 
The gamma-band power trace was extracted using a Morlet wavelet dictionary, with multiplication in 
the frequency domain (length equal to 3 standard deviations of the implicit Gaussian kernel and 
width 7 cycles), as implemented in FieldTrip® Toolbox. The power was extracted with a temporal 
resolution of one sample every 0.01 s and subsequently smoothed using a moving average filter with 
a window size of 0.5 s. For each trial, the mean power over the gamma-band frequency bins (70-125 
Hz) was calculated per channel, for a time window of -1 to 2.6 s (see Supplementary Figure 1 for the 
effect of different time windows on the classification scores) around an electrophysiology marker 
(see following section for more details). The resulting feature space is a three-dimensional matrix 
(channels x time x trials) per gesture. Notably, the intrinsic wavelet duration per time sample for the 
frequency range we used (70-125 Hz) varies between 18 ms (for 125 Hz) and 32 ms (for 70 Hz). 
Therefore, the maximum expected temporal “leakage” is 16 ms. 

 
2.5 Trial alignment  
The alignment of trials is a crucial step for classification of labeled events using not only spatial, but 
also temporal features. There are two potential sources of error when considering temporal 
(mis)alignment. First, jitter across trials for a given gesture causes blurring of spatiotemporal 
patterns used for classification (based on the averaged gamma-band power trace) leading to an 
underestimation of classification. Second, systematic differences between gestures in finger 
movement order or in speed of movement may inflate classification by introducing differences in 
gamma-band responses onsets (see Supplementary Figure 2). Here, we developed a method of trial 
alignment that virtually eliminates these confounding effects by using the broadband gamma-band 
electrophysiological response to the task. The method detects the averaged gamma-band 
electrophysiological response to the task across channels (i.e., not specific to channels) and is 
described in detail below.  
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The implemented method is subject-specific and consists of three steps. First, we identified the 
channels that were involved in performing the task, more specifically, we selected the channels with 
a significant response to the task (i.e., that responded to all four gestures). A channel was considered 
to have significant activity when the mean power across trials was significantly different between 
task and rest periods (independent t-test, p < 0.05 uncorrected). The task period was manually 
centered on the gamma-band peak, while the rest period was taken before the gesture’s cue. Note 
that this step does not bias the classification measures in the subsequent analysis since all gestures 
are included and it is only used to select channels used for the extraction of the new marker.  

Second, we applied an algorithm for extracting a marker (t0) based on the slope of the gamma-
band power response. To do so, the gamma-band power trace was calculated per trial by averaging 
over the channels with significant response (previous step) and provisionally smoothed until the 
response revealed a peak with a clear rising slope (Figure 3A). Subsequently, the horizontal distance 
between a sliding line segment S(k) and the epoched trace F(n) was calculated for every position ni of 
the line segment (Figure 3B). The line segment S(k) is a unique set of amplitude values of F(n), with n 
denoting the discrete time points in the epoched interval, defined as: 

 

𝑆𝑆(𝑘𝑘) = 	𝑚𝑚 ⋅ 𝑘𝑘 + 𝑛𝑛%, 𝑘𝑘 ∈ o /
p
𝑠𝑠{p%&} + 𝑛𝑛%;	

/
p
𝑠𝑠{p#u} + 𝑛𝑛%v                                       (1) 

 
where m is the slope of S(k), k is the set of domain values such that S(k) is limited by the range [smin, 
smax] of the trace F(n), and ni is the x-intercept of S(k). The line segment’s slope, m, is subject-specific 
(constant parameter) and was determined so that it fitted the subject’s average response. The 
horizontal distance, dni(k), between S(k) and F(n) was calculated for every point of S(k) by subtracting 
the abscissa values of points with equal ordinate (2). The overall distance between the line segment 
and the trace for a given ni, D(ni) (Figure 3C), was defined by the summation across all distances dni(k) 
which were smaller than a threshold 𝜀𝜀&x (3). This value was also subject-specific and defined 
according to the domain of S(k). 

 
𝑑𝑑&x

(𝑘𝑘) = 𝑘𝑘 − 𝑛𝑛,					𝑛𝑛:		𝐹𝐹(𝑛𝑛) = 𝑆𝑆(𝑘𝑘)                     (2) 

𝐷𝐷(𝑛𝑛%) = }∑ 𝑑𝑑&x
(𝑘𝑘)~ ∶ 𝑑𝑑&x

(𝑘𝑘) ≤ 𝜀𝜀&xÄ                        (3) 
 
The gamma-slope marker (GSM) t0 (Figure 3D) was, then, mathematically calculated by 

extracting the midpoint of the line segment Sb(k) that best fits the trace F(n) using: 
 

b = argminf% 𝐷𝐷(𝑛𝑛%)                                                         (4) 
 

𝑆𝑆Ç(𝑘𝑘) = 𝑚𝑚 ⋅ 𝑘𝑘 + 𝑏𝑏	                                                 (5)  
	

𝑡𝑡Ö = /
p
c	Üáàâ.Üáxä

;
+ 𝑠𝑠p%&j + 𝑏𝑏                         (6) 

 
where b is the position where the trace best matches the line segment, smin and smax are the minimum 
and maximum values of the line segment, respectively, and the marker t0 is the midpoint of the line 
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segment. In this step, three empirical parameters were defined per subject, the power trace 
smoothing, the slope m and the threshold value 𝜀𝜀&x. Both the smoothing value and threshold were 
defined through visual inspection, while the slope was determined as a fraction of the maximum 
amplitude of the trace. 

Third, we aligned all (unsmoothed) trials using the new GSM t0 = 0 s (Figure 4). The aligned trials 
were epoched into segments of 3.6 s around t0 (-1 to 2.6 s; see section 2.4). Since the alignment was 
based on the mean gamma-band trace over all significant channels as opposed to separate channels, 
any time differences between channels were preserved. The gamma-band power trial alignment 
method was performed only once and considered all included channels of each subject, and was 
therefore not dependent on the electrode M1/S1 grouping. 

 
 

 
Figure 3 – Gamma-slope method for alignment of the trials.  
A) Representative example of an epoched gamma-band trace F(n) for one trial (e.g., subject 3  G1, trial 1), for n 
discrete time points. B) The horizontal distance dni(k) between all points k in the line segment, S(k), and F(n), was 
calculated for every ni in the domain of F(n). As an example, the figure shows the line segment in three 
representative time ni points (ni = 2286, 3499 and 5208). The line segment’s slope is subject-specific and constant. 
C) The overall distance, D(ni), between S(k) and F(n) was calculated by summing the distances, between all points 
in S(k) and the points in F(n) with the same amplitude, which were inferior to 𝜀𝜀&x. The argument which minimized 
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the D(ni) curve, b, identified the line segment which best fitted the trace. In this example, b was 3499. D) The 
gamma-slope marker (GSM) t0 was calculated as the midpoint of the line segment Sb(k) which best fitted the 

trace. 

 
 
 

 
 
Figure 4 – Trial alignment for a representative dataset of subject 4 (G2). 
After having identified the gamma-slope-markers over smoothed traces all unsmoothed trials were aligned to 
each other, such that all markers were coincident. For that, the first trial (blue trace) was kept unchanged, while 
the remaining trials (orange traces) were aligned to it. In this figure power amplitude is given in µV; and t0 = 0 s 
corresponds to the movement onset.  

 
 
 
2.6 Feature Classification 
Gesture data were classified using a spatiotemporal template matching correlation with a leave-one-
out cross-validation scheme. This straightforward classification method has previously yielded robust 
results when used to discriminate spatial patterns (Bleichner et al., 2014). In fact, it showed similar 
results as other frequently used state-of-the-art classifiers, such as the regularized latent 
discriminant analysis method (Bleichner et al., 2014), but is computationally easier to use. Here we 
extended this method to spatiotemporal patterns.  
As already described above, the feature space consisted of a three-dimensional matrix per gesture, 
where channels, time and trials were the three dimensions. For each gesture the average activation 
pattern (hereafter referred to as spatiotemporal template, Figure 5) was computed by averaging the 
feature space over trials, excluding the single trial that was to be classified. This resulted in one 2D 
(i.e., channels x time) spatiotemporal template per gesture. The single trial spatiotemporal feature 
was then compared with the four templates (one per gesture) by mean of Pearson Correlation 
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(between each spatiotemporal template feature and each trial feature) and labeled as the gesture 
(spatiotemporal template) with which it had the highest correlation score. The classification accuracy 
was defined as the percentage of correctly labeled trials. In order to compare classification scores 
between electrodes on the primary motor cortex (M1), electrodes on the primary somatosensory 
cortex (S1) and the combination thereof, the classification step was repeated using all (sensorimotor) 
electrodes, only M1 electrodes and only S1 electrodes (Figure 1). The most informative electrodes 
were estimated by calculating the contribution of each individual electrode for classification. For this 
purpose, the classification accuracy was re-computed using combinations of increasing number of 
electrodes. The set sizes varied from an individual electrode to all electrodes. For each set size the 
classification accuracy was computed using up to 1000xN random combinations of electrodes, where 
N is total number of electrodes. Note that for the set sizes with less than 1000xN possible 
combinations, all possible electrode combinations were used. The contribution of each individual 
electrode was then computed based on the average classification achieved when that electrode was 
part of the combination. 

Lastly, the classification chance level was computed both by randomly permuting the 
observations across classes (as many times as possible permutations) and by feeding the classifier 
with generated zero-mean Gaussian white noise (Combrisson and Jerbi, 2015). The former resulted 
in a chance level of 23.68±0.84% and the latter in 25.01±1.30%. The statistical significance level of 
decoding (mean across subjects 39.17±1.17%) was determined by the 95th percentile (p < 0.05) of the 
empirical distribution obtained by randomly permuting the data  (Combrisson and Jerbi, 2015). 
Hence, for the purpose of the present study the theoretical chance level of 25% (for four classes) and 
the significance level of 40% are adequate and will be used. 

Notably, since subject 5 performed two runs, we could also assess the reproducibility of the 
results. This was tested by using one of the two runs as a template in the cross-validation step. Both 
combinations (template run 1, test run 2 and template run 2, test run 1) were performed using each of 
the three electrode selections, i.e., all sensorimotor, only M1 and only S1 electrodes. 

 
2.7 Timing of M1 and S1 responses  
In order to understand the basis of the discriminative information comprised in the primary motor 
and somatosensory cortices, and to investigate whether S1 comprises pertinent neuronal 
information decoupled from the movement-induced sensory feedback, we performed an extra 
analysis in which we analyzed the increase in broadband activity prior to movement onset. For this 
particular purpose, epoched data were re-aligned using movement onset markers. The latter were 
determined, per trial, by visual inspection, as being the time point preceding the one of the first 
finger to move in the data glove traces.  
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Figure 5 – Representative feature space and spatiotemporal template for classification of the four gestures 
for subject 3.  
A) The three-dimensional feature space used for classification consisted, per gesture, of a 3D matrix of included 
channels (32) by included trials (9, 8, 9, 10 for G1-4, respectively) and by time points (-1 to 2.6 s around gamma-
band activity onset). B) Spatiotemporal template derived from the mean gamma-band power over trials per 
gesture. The color code displayed on the left of each template graph indicates the location of the electrode: the 
M1 electrodes in blue and the S1 electrodes in orange. The time reference (t0 = 0 s) is the gamma-slope marker 
(GSM). The color bar on the right of the figure indicates the power over the gamma-band in µV;. 

 
 
 

3. Results 
 

3.1 Task performance and gamma-band response 
Overall, the task performance, as measured by the data glove traces, of the five subjects was quite 
reliable. Per individual, only a maximum 7 trials out of a total of 40 trials (Table 2) were excluded, due 
to the execution of an incorrect gesture, either by moving additional fingers or correcting the 
gesture. In most subjects, changes in the data glove traces occurred shortly after the gamma slope 
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marker (Figure 6 and Supplementary Figure 3). Inspection of the timing of the mean gamma-band 
response, the cue and movement onset indeed revealed that the movement onset occurred 
consistently after the cortical activity onset – approximately one second after the cue, half a second 
after the gamma-band activity onset and shortly after the gamma-band peak in activity 
(Supplementary Figure 4). 

Spatiotemporal gamma-band traces per gesture aligned using the GSM (Figure 7A), show 
different spatial and temporal signatures per gesture, which could allow for decoding. In particular, 
when zooming in into two visibly responsive channels over M1 and S1 areas (Figure 7B), one can 
appreciate the fact that the temporal features provide additional valuable information for decoding 
besides spatial features (i.e., difference between channels).  

 
 
 

 
 

Figure 6 - Representative examples of data glove traces for each gesture (G1-G4) of subject 3.  
The average finger position over trials is represented in an interval -2 to 2 s around the gamma-slope marker (t0 = 
0 s, dashed gray line). The mean cue time and corresponding standard deviation (relative to the gamma-slope 
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marker) is indicated by the solid gray line and gray shaded area. For each trace, a dashed line with the same color 
of the respective finger trace indicates the error. The movement response is seen to consistently occur half a 
second after the gamma-band activity onset and approximately 1 second after the cue. This pattern in response 
timing is representative for the remaining subjects (see Supplementary Figure 3). Note that, due to the device 
calibration, the thumb movement is inverted when compared to the remaining fingers. 

 
 

 
 

Table 2 – Included trials per subject. 

 Number of included trials 
Patient No. G1 G2 G3 G4 

Subject 1 8 10 10 6 

Subject 2 5 10 10 9 
Subject 3 9 8 9 10 
Subject 4 9 7 8 10 

Subject 5 – run 1 5 10 8 10 

Subject 5 – run2 5 10 10 10 

 

 
 

 
3.2 Classification results 
All classification scores (Figure 8A) were significantly above chance level (p < 0.05). Subjects who had 
sufficient coverage of M1 and S1 (subject 2, 3 and 5) showed accurate classification for each region 
individually. The average classification over the sensorimotor cortex (all electrodes of subjects 2, 3 
and 5) was 85.0%, over S1 (subjects 1, 2, 3 and 5) 76.25% and over M1 (subjects 2, 3, 4 and 5) 74.63% 
(Figure 8B). There was no significant difference between the scores of the three conditions 
(sensorimotor, M1 and S1 electrodes; N = 3, subject 2, 3 and 5) as assessed by a Friedman’s test for 
one-way repeated measures with non-parametric data, χ2(2) = 3.20, ns. The variation in scores 
between subjects can be mostly explained from the grid coverage of M1 and S1 (Figure 1), since the 
lowest M1 (subject 5) and S1 (subject 2) scores were from the patients with the lowest number of 
electrodes over M1 (11 electrodes, compared with 15 or more in all other cases) and S1 (9 electrodes, 
compared with 15 or more in all other cases), respectively (Table 1).  

Reproducibility of the classification results for the three electrode selections (sensorimotor, M1 
and S1) was tested using the two runs of subject 5. Two combinations of test and experimental 
datasets were used: 1) derive the template from run 1 and classify run 2, and 2) derive the template 
from run 2 and classify run 1. Results (Table 3) show good reproducibility of the classification across 
runs of the same subject, suggesting that the gestures pattern encoded in the sensorimotor cortex 
can be well discriminated across sessions using high-density ECoG grids.  
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Figure 7 - Representative gamma-band traces per channel of subject 3.  
A) Gamma-band power (average over trials) in the time window -1 to 5 s around the gamma-slope marker (t0 = 0 
s). Each gesture is represented with a different line color. The standard deviation across trials is represented by 
the shaded region with the color corresponding to the respective gesture. Power amplitudes were normalized 
(arbitrary units, a.u.) to all channels, in order to visualize differences between them. B) Two representative 
channels from M1 (solid black square) and S1 (dashed black square) areas, respectively. The mean power 
amplitude (arbitrary units, a.u.) over trials per gesture is plotted over a time window -1 to 5 s around movement 
onset. As in A) standard deviations are shown using the shaded regions with respective gesture color. CS – Central 
Sulcus; A – Anterior; P – Posterior. 
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Figure 8 - Classification scores for the five subjects (subject 1-5).  
A) For each subject one to three bars show the classification scores, by means of leave-one-out cross-validation, 
for the different electrode coverages: sensorimotor cortex in gray, M1 in blue and S1 in orange. Subject 1 and 
subject 4 had partial sensorimotor coverage (i.e., only S1 or M1, respectively), while the remaining subjects had 
electrodes over both the precentral and postcentral parts of the sensorimotor cortex. B) Mean classification 
scores across subjects for sensorimotor (N=3), M1 (N=4) and S1 (N=4) coverage. For both panels, the theoretical 
chance level is 25% (dashed gray line) for classification of four classes and the significance level is 40% (solid gray 
line). 
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For the subjects with sensorimotor (both M1 and S1) coverage (subjects 2, 3 and 5) the most 
informative electrodes (Figure 9) appeared to be distributed over both the M1 and S1 areas, 
indicating that S1 may offer discrimination features as good as M1 to distinguish between the four 
gestures on this spatial-temporal scale. In particular, subject 3, who had the most extensive hand 
knob coverage and the highest performance, showed four ‘most informative’ electrodes, two over 
M1 and two other over S1. Note that, even when a single electrode cannot be considered ‘most 
informative’, it still may be essential for accurate classification. Indeed, the decoding accuracy has 
been shown to increase with the number of electrodes used for classification  (Bleichner et al., 
2014). 

 
 
 
 
 

 
 
Figure 9 - Most informative electrodes. 
The most informative electrodes for each subject were determined by calculating the contribution of each 
individual electrode for classification. The classification accuracy was re-computed using combinations of 
increasing number of electrodes. The set sizes varied from an individual electrode to all electrodes. The 
contribution of each individual electrode was then computed based on the average classification achieved when 
that electrode was part of the combination (c.f. the color bar on the right, in which yellow (smallest radius) 
corresponds to the least informative electrode and blue (biggest radius) to the most informative electrode). CS – 
Central Sulcus; A – Anterior; P – Posterior.  
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Table 3 – Reproducibility of classification results for subject 5 using two independent runs. 

  Decoding Accuracy 

Sensorimotor cortex M1 S1 

Template run 1 - classify run 2 80% 51% 80% 

Template run 2 - classify run 1 85% 53% 82% 

 

 
 

 
Figure 10 – Representative gamma-band traces of subject 3 aligned to movement onset.  
A) Schematic of the ECoG grid for subject 3, with two channels highlighted with squared boxes and S1 channels 
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with significant response during the task highlighted in orange. CS - Central sulcus; A - Anterior; P - Posterior. B) 
Two representative channels are selected from M1 and S1 areas. The gamma-band traces of each channel were 
aligned with respect to movement onset (t0 = 0 s) and the mean power amplitude (arbitrary units, a.u.) over trials 
per gesture is plotted here over a time window -1 to 5 s around movement onset. The standard deviation across 
trials is represented by the shaded region with the color corresponding to the respective gesture. C) Average 
time-frequency power plots (baseline correction in dB using -2 to -1 time window) across S1 channels (highlighted 
in orange) for each gesture (G1-G4). Movement onset (t0 = 0 s) is indicated with a vertical black line, while 
broadband (~50-130 Hz) activity is indicated with a dashed line. For all gestures there is an increase in broadband 
power, which starts before movement onset, coupled with a decrease in the beta band (~10-30 Hz). D) 
Normalized z-score (a.u.) traces used to determine the uncorrected two-tailed probability that the deviation seen 
in the real amplitude trace at a given time is due to chance. For each gesture, the dashed gray line indicates the 
first time point correspondent to a significant power increase (p < 0.05), while the solid gray line indicates the 
movement onset (t0 = 0 s). 

 
 
 
3.3 Timing of M1 and S1 responses 
The results above indicate that S1 contains sufficient neuronal information to discriminate between 
four hand gestures. However, the nature of this S1 neural information also plays an important role, 
especially for BCI applications, where end-users may lack sensory feedback. Hence, we further 
investigated the temporal dynamics of the signal of S1 (and M1), in relation to movement onset. For 
this purpose, we analyzed the temporal signatures of the signals in the following three steps and 
show the results for a representative subject (subject 3).  

Firstly, the two representative channels shown in Figure 7 with clear response over both S1 and 
M1 were re-aligned with respect to movement onset markers. Indeed, in these two channels all 
gamma-band power traces (Figure 10B) showed an increase in activity before movement onset. 
Secondly, to investigate whether the same trend was common to all S1 channels, time-frequency 
plots (Figure 10C) of the mean over S1 channels with significant response during the task (p < 0.05, 
Figure 10A) were computed per gesture. This analysis revealed a clear broadband (~50-130 Hz) 
increase in S1 channels prior to movement onset combined with a decrease in the beta frequency 
band starting between one to half a second before movement onset (t0 = 0 s). Thirdly, we 
investigated whether the broadband increase in activity is significantly different from baseline prior 
to movement. For this purpose, normalized z-score traces in the gamma-band (Figure 10D) of each 
gesture were calculated by subtracting and dividing the real amplitude trace by the mean and 
standard deviation, respectively, of a surrogate ensemble of mean amplitude values, where the 
stimuli onsets are shifted randomly in time 10000 times  (Canolty et al., 2007). These traces were 
used to determine the uncorrected two-tailed probability that the deviation seen in the real 
amplitude trace at a given time is due to chance (p < 0.05). Results (Figure 10D) confirmed that a 
significant power increase occurs before movement onset for each gesture individually, when using 
the mean trace over S1 channels with significant response (Figure 10A).  

Similar results were found across subjects, where the mean time-point corresponding to a 
significant power increase (-99.75±36.96 ms, mean ± standard error) was significantly lower than zero 
(one-sample t-test, p < 0.05, N=4). Altogether, these results indicate that there is information over S1 
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hand area that is decoupled from sensory feedback. Notably, an alternative strategy to investigate 
the nature of S1 responses could be to decode the gestures prior to movement onset. Following this 
analysis, however, decoding accuracies for both M1 and S1 coverages were on average not 
significantly above chance level (p < 0.05), indicating that this method would be inconclusive. Failure 
to decode prior to movement onset may be due to the limited time window with significant power 
increase before movement onset. 
 
 
4. Discussion 
In this study we have shown that the primary somatosensory cortex (S1) offers characteristic 
spatiotemporal discriminative patterns during executed hand gestures, providing classification rates 
similar to that obtained for primary motor cortex (M1) only and the sensorimotor cortex as a whole 
(M1 and S1 together). All five subjects achieved classification scores significantly (p < 0.05) above 
chance level, ranging from 59 to 100%. This indicates that S1 can be used as a source of signals for 
implantable BCI systems with multiple degrees-of-freedom. Further, regardless of the grid position, a 
mean (over subjects) classification accuracy of 80% was achieved when using a patch of cortex as 
small as 2 cm2, suggesting that decoding sign language using high-density ECoG grids is a potential 
strategy to increase the degrees-of-freedom of implantable BCI systems.  

Previous articles from our group showed that decoding four hand gestures can be successfully 
achieved in a subset of patients by only considering spatial features (Bleichner et al., 2014). Notably, 
the execution of sign language gestures is not instantaneous, in that fingers are flexed/extended in 
sequence (albeit quite rapid) to obtain the gesture. Accordingly, one may expect to observe 
differences in the onset of a gamma-band response across electrodes, assuming that different 
electrodes record from somatotopically different cortical patches. Therefore, in the current study, we 
performed a re-analysis of the data of Bleichner and colleagues (Bleichner and Ramsey, 2014; 
Bleichner et al., 2014) and classified the four gestures using spatial and temporal features combined. 
Results showed that, even though the grid location for some subjects might not be optimal, high 
classification scores are achieved, not only in sensorimotor cortex as a whole (40-97% in the previous 
analysis compared to 59-100% in the current study), but also separately for M1 and S1. In order to 
understand the spatial-temporal pattern, which characterizes each single gesture, the trials had to be 
temporally aligned. Standard methods of alignment (such as relative to the cue or movement onset) 
may result in temporal jitter and/or bias, which may artificially alter the classification results (either 
positively or negatively). We introduced a new method of aligning trials, using the gamma-slope 
marker (GSM), which is based on the robust rise in gamma-band power following each cue. The use 
of the GSM method was introduced for the single purpose of classification by allowing a correct 
assessment of the temporal signature of each gesture. Indeed, with this approach, the 
(spatio)temporal differences between the gamma-band power traces of the four gestures can be 
safely interpreted to be from neuronal origin, and not due to different movement speed responses or 
the order in which the fingers are moved. Therefore, it allowed for minimization of both classification 
inflation due to systematic temporal differences in onset between gestures, and classification 
deflation caused by temporal jitter between trials.  
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4.1 Subjects’ performance 
Overall, the subjects’ performance, as recorded with the data glove, was robust across trials. Notably, 
hand movement onset occurred consistently half a second after the cortical activity onset, 
approximately one second after the cue and shortly after the gamma-band peak in activity. The delay 
between the cue and hand movement onset was larger than the typical reaction time (around 400 
ms) between visual cues and muscle response in humans (Thorpe et al., 1996). This can be 
attributed to the fact that, despite a brief practice period before the experiments, the sign language 
gestures were not trained enough to be automatic, thereby requiring some cognitive processing 
(notably to process the visual cue) before they were executed. In addition, reaction times may have 
been slowed due to the medical procedure and medication. The delay between gamma-band activity 
onset and hand movement onset was also larger than we would expect for automated responses, 
which agrees with the notion of a deliberate preparation and execution of gestures involving 
cognitive processes. 

 
4.2 Source of classification scores variance 
Due to the limited number of subjects in this study, the source of variance in classification scores 
between subjects is difficult to account for. Two issues are worth mentioning, however. A first source 
of variance is the coverage of the hand knob. From the classification results of the three subjects with 
coverage over sensorimotor cortex (both M1 and S1), and the location of the most informative 
electrodes, we conclude that M1 and S1 are both good options for BCI control. On average, the 
classification scores for the combination of the two were slightly higher than for S1 or M1 separately, 
but this difference did not reach statistical significance. It has to be noted that statistics over the 
relatively small number of patients in our study is of limited value and a larger sample size will be 
needed to compare S1, M1 and the combination of the two in more detail. Two subjects had only one 
type of coverage (either S1 or M1) and both showed high classification scores for the four hand 
gestures. Although the subject with M1 coverage appeared to have a better classification score, the 
subject with only S1 coverage had the least hand knob coverage. Not surprisingly, the subject with 
best grid position over sensorimotor cortex (subject 3) was also the one reporting the highest scores. 
Indeed, Bleichner and colleagues (Bleichner et al., 2014) already suggested that the optimal location 
of the high-density grid over the hand knob might be essential for good classification results.  

Second, the quality of the gesture performance likely affects classification, as suggested in an 
fMRI study in decoding gestures (Bleichner et al., 2013). Indeed, the subject with the 100% 
classification accuracy presented, besides the best grid position, the least excluded trials and the best 
gestures performance, as recorded with the data glove, with equal training time as the other 
subjects. This subject not only performed the gestures very consistently, but also displayed a 
consistent reaction time (Figure 7), indicating that accurate and consistent performance of the 
gestures may lead to better classification. In future applications, this level of performance may often 
require somewhat more intensive practice and training than our current subjects received. 

 
4.3 Role of S1 in motor execution and attempt 
The results of the current study agree to some extent with those of Chestek and colleagues (Chestek 
et al., 2013), who showed above-chance level classification of nine different isometric hand motions 
using electrodes over M1, S1, mesial and parietal areas in three epileptic patients with low resolution 
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sensorimotor coverage. In their study, M1 classification outperforms S1 classification most of the 
times, although there was substantial variation in the results. Here, we show that when using optimal 
spatial resolution and employing the temporal information of the recorded signals, S1 decoding can 
be as accurate as M1 decoding. 

Although ECoG-based BCIs aim to replace motor output for completely paralyzed patients, who 
can only attempt movement, the current study used able-bodied epilepsy patients who performed 
the actual movements. Chestek and colleagues (Chestek et al., 2013) argued that actual movement 
may inflate S1 decoding accuracy due to sensory feedback from the movements. However, even 
though S1 is correctly identified to integrate sensory feedback information, spinal cord injury fMRI 
studies have indicated activation of both M1 and S1 during attempted movements (Cramer et al., 
2005; Hotz-Boendermaker et al., 2011, 2008), suggesting that S1 activation also occurs without 
direct sensory feedback. Furthermore, a recent 7T fMRI study shows that S1 topography remains 
intact after amputation, and presents a detailed representation of individual fingers upon attempted 
digit movement (Kikkert et al., 2016). Similarly interesting ECoG results have been obtained by 
Wang et al. (Wang et al., 2013) and Gharabaghi et al. (Gharabaghi et al., 2014) in individuals with 
tetraplegia and amputees, respectively. The former showed that attempted movement could be 
used to control 3D cursor movement with a success rate of 87% with a grid that was positioned 
entirely over S1, while the latter indicated high R2 values (in gamma-band) during phantom hand 
movement mostly over the post-central gyrus. Also the significant rise of S1 activity before 
movement onset in the present study supports the notion that sensory feedback is not necessary for 
S1 to be activated and that the area plays a role beyond only sensory feedback. However, a more 
convincing approach would be to record electromyographic signals (starting before movement 
onset) to exclude sensory feedback before movement. Yet, a role beyond only sensory feedback has 
been similarly supported in the last decades by data derived from anatomy, cortical stimulation and 
neurophysiological recordings (Cramer et al., 2005). Particularly interesting are cortical stimulation 
studies with subchronically implanted epilepsy patients showing that electrocortical stimulation in 
M1, but also in S1, results in isolated and complex hand motor responses  (Haseeb et al., 2007; Nii et 
al., 1996).  

Even though S1 seems to clearly play an important role during motor output (Cramer et al., 
2005; Kikkert et al., 2016), the role of S1 during movement execution and its interaction with M1 are 
far from being understood. Besides a reflection of the proprioceptive feedback from muscle and joint 
receptors (Ashe, 2005; Miller and Hatsopoulos, 2012) the movement-related activation over the 
somatosensory cortex may relate, for example, to a predictive driving connection from S1 to M1 
(Adams et al., 2012; Scott, 2012), or modulation by a top-down mechanism involved in motor 
preparation (Christensen et al., 2007) or even execution. Interestingly, predictive theories of motor 
control have recently hypothesized that S1 may play a role in generating an efference copy, which is 
an internal prediction of sensory consequence of a volitional movement (Adams et al., 2012). In fact, 
Sun and colleagues (Sun et al., 2015) presented the first evidence of an efference copy in humans 
using standard ECoG grids during cued finger movements. A logical step would be to further 
investigate the information delay between M1 and S1 using high-density ECoG grids. Another 
possible theory for the role of S1 is one in top-down attentional control (Hopfinger et al., 2001), 
which is a higher-order mechanism that regulates sensory areas. This phenomenon has been 
described in detail for visual (Brefczynski and DeYoe, 1999) and auditory cortex (Fritz et al., 2007), 
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where presentation of a cue predicting an ensuing stimulus leads to an increase in neural activity 
before arrival of the stimulus, and even when the stimulus is withheld. Similar phenomena are 
described for the somatosensory system with magnetoencephalography (e.g., Haegens et al., 2011). 
In addition, covert attention to the thumb proved to increase functional MRI activity in the 
somatosensory contralateral cortex (Bauer et al., 2014). Given that the somatosensory cortex, like 
the visual and auditory cortex is topographically organized, it is to be expected that attempting to 
execute specific gestures may give rise to decodable patterns of elevations in neural activity in S1. 
Clearly, further research is necessary in order to assess in detail what role is played by S1 in 
movement preparation, execution and, especially during attempted movement. 

 
 

5. Conclusion 
In conclusion, this study shows that S1 may be as good of a target as M1 (or the two combined) for 
motor-based ECoG-BCIs, and contains sufficient somatotopic information to distinguish between 
four hand gestures. Although promising, the exact mechanisms leading to S1 activation and its exact 
role in executed (and attempted) hand movements are yet to be determined. The current study also 
indicates that optimal hand knob coverage and consistent gesture execution are essential for 
accurate decoding. Moreover, it encourages the use of both spatiotemporal information and high-
density subcortical grids as a robust and reliable BCI platform for fine movement decoding. 
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Supplementary Figures: 
 
 
 
 
 
 
 

 
 
 
 
Supplementary Figure 1 – Choice of onset time and duration of time window used for classification. 
In order to have more insight in the temporal information in the data, the classification accuracy (in percentage) 
for different sizes of time window (0.4 to 4.4s long) and different time window onset times (from -3.6 to 2.4s) was 
computed for sensorimotor, only M1 and only S1 coverage. The time window is relative to the gamma-slope 
marker denoted t0 = 0 s. Sensorimotor classification scores are averaged across subjects 2, 3 and 5, M1 averaged 
across subjects 2, 3, 4 and 5, and S1 averaged over subjects 1, 2, 3 and 5. The color bar indicates the classification 
accuracy when decoding four hand gestures between 0% (blue) and 100% (red). In this study, the time window -1 
to 2.6 s was used, which closely corresponds to the region indicated by the black lines.  
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Supplementary Figure 2 – Classification scores when using the same template circularly shifted in time. 
Exemplification of the decoding accuracy when using two equal gesture templates (T1 and T2), one of which is 
circularly shifted in time in steps of 0.01 s (i.e., one sample). For each temporal shift, T2 is shifted to the right while 
T1 is kept the same. At shift 0 s T1 and T2 overlap completely, and classification is at chance level (50%). A small 
difference of 0.180 s is already enough to discriminate both templates, even though they are both the same 
template but shifted in time. This example demonstrates the importance of aligning all gestures to the same 
point: by avoiding systematic differences between gestures due to finger movement order or speed of 
movement, artificial inflation in classification can be prevented.  
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Supplementary Figure 3 – Data glove traces. 
Data glove traces for each gesture (G1-G4) for subject 1, 2, 4 and 5 (first and second run). The z-score trace of each 
finger position is represented in an interval -2 to 2 s around gamma-slope marker (t0, dashed gray line). The mean 
cue time and corresponding standard deviation is indicated by the solid gray line and gray shaded area. For each 
trace, a dashed line with the same color of the respective finger trace indicates the error. Subject 5 has performed 
two runs that show consistent gesture execution for all gestures except gesture 1, which the subject performed 
poorly in general (only 5 out of 10 included trials). Note that the thumb movement is inverted when compared to 
the remaining fingers. 

 
 
 
 
 

 

 
 
 
Supplementary Figure 4 – Comparison between cue time, gamma-band onset and movement execution. 
Averaged gamma-band power trace over all channels (subject 3) for three representative gestures is plotted in 
dark blue, together with the smoothed trace in black. Below are the data glove traces of the five fingers (light 
blue). For each trial the cue is represented by a solid gray line, while the gamma-band activity peak is marked by a 
dashed gray line. The time between the gamma-band activity onset and the movement onset (gray shaded 
region) is approximately half a second, while the timing between the gamma-band activity peak and the gesture 
is in the other of the hundreds of milliseconds or smaller. The timing trends seen here are representative for the 
remaining trials of subject 3 and the remaining subjects.  
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Abstract 
 

Brain-Computer Interfaces are being developed to restore reach and grasping movements of 
paralyzed individuals. Recent studies have shown that the kinetics of grasping movement, such as 
grasp force, can be successfully decoded from electrocorticography (ECoG) signals, and that the 
high-frequency band (HFB) power changes provide discriminative information that contribute to an 
accurate decoding of grasp force profiles. However, as the models used in these studies contained 
simultaneous information from multiple spectral features over multiple areas in the brain, it remains 
unclear what parameters of movement and force are encoded by the HFB signals and how these are 
represented temporally and spatially in the SMC. To investigate this, and to gain insight in the 
temporal dynamics of the HFB during grasping, we continuously modelled the ECoG HFB response 
recorded from 9 individuals with epilepsy temporarily implanted with ECoG grids, who performed 
three different grasp force tasks. We show that a model based on the force onset and offset 
consistently provides a better fit to the HFB power responses when compared with a model based on 
the force magnitude, irrespective of electrode location. This suggests that HFB power, although 
useful for continuous decoding, is not continuously related to force but rather to the changes in 
movement. This result may potentially contribute to the more natural decoding of grasping 
movement in neural prosthetics. 
 

 
Keywords: Brain-Computer Interface, ECoG, sensorimotor cortex, high-frequency band, force, onset-
offset 
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1. Introduction 
Brain-Computer Interfaces (BCIs) have been proposed as a technology to replace central nervous 
system output that is lost as a result of injury or disease (Brunner et al., 2015). BCI systems can 
provide, for example, a means of communication to people with locked-in syndrome (Vansteensel et 
al., 2016), or restore movement through the control of robotic devices (Ajiboye et al., 2017). To 
date, many BCI systems focus on neural signals acquired from the hand region in the sensorimotor 
cortex (SMC), as regaining arm and hand function has been described to be crucial to improve the 
quality of life of severely paralyzed individuals, in particular those with spinal cord injury (Anderson, 
2004). Indeed, this region has been shown to encode both discrete (Branco et al., 2017; Chestek et 
al., 2013) and continuous parameters of hand movement (Flint et al., 2014; Nakanishi et al., 2014) 
and to be a straightforward target for BCI control (e.g., Wang et al., 2013; Hotson et al., 2016; 
Vansteensel et al., 2016; Branco et al., 2017; Ajiboye et al., 2017; Milekovic et al., 2018).  

In order to achieve seamless control of (robotic) hand movements using a BCI system, the 
continuous decoding of intended grasp movement seems to be particularly relevant. By providing 
grasp function through robotic hands, BCIs promise to restore this function in paralyzed individuals. 
Grasp movement can be described by a combination of kinematic and kinetic parameters (Krakauer 
et al., 1999; Todorov, 2000), such as movement force, direction, velocity and trajectory (Ashe and 
Georgopoulos, 1994; Evarts, 1968; Georgopoulos et al., 1982; Wessberg et al., 2000). Movement 
kinematics are important for accurate description of continuous finger movement and, consequently, 
the position of robotic hands. However, in order to provide safe object manipulation and meaningful 
interaction with the environment, the decoding of grasp force is also essential. A limited number of 
studies have focused on decoding grasp force for BCI control (Carmena et al., 2003; Chen et al., 
2014; Flint et al., 2014; Pistohl et al., 2012), of which only two showed successful continuous 
decoding of grasp force in humans, using ECoG (Chen et al., 2014; Flint et al., 2014). Particularly, 
these studies showed the high-frequency band (HFB, > 70Hz) to be one of the most discriminative 
features for force decoding. However, in order to use these features to accurately control a BCI 
system, we need to understand how these signals behave temporally and spatially during exerted 
force tasks. Indeed, recent ECoG studies have attempted to describe the movement-related spatial-
temporal dynamics of the HFB signals over the SMC during other motor tasks, both in primate 
(Donoghue et al., 1998; Fetz et al., 1980) and human (Conant et al., 2018; Crone et al., 1998; 
Salari et al., 2018). Interestingly, these studies found different types of responses broadly 
distributed in the SMC, including transient and sustained HFB responses. Therefore, and extending 
on these findings, we hypothesized that the HFB response during continuous grasp force movements 
could either represent the exerted force magnitude, displaying a sustained response during isometric 
force contractions, or, in contrast, represent the transient onset-offset profile of the grasp force 
movement. These findings potentially increase the understanding of the cortical representation of 
movement in the SMC, and may, thereby, contribute to the improvement of BCIs.  

Here we modelled the temporal dynamics of the HFB ECoG responses, during three different 
grasp force tasks, namely fast impulse-like responses, continuous dynamic force and isometric force 
contractions. Using these three tasks, we were able to see how the HFB follows the force profile and 
to compare the HFB response between different regions of the SMC. For that, we compared two 
models, one based on the exerted force magnitude and another based of the change in exerted force 
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(i.e., movement onset-offset), with the mean HFB signal over electrodes in four different cortical 
regions-of-interest, namely all electrodes, electrodes covering the primary motor cortex (M1), the 
central sulcus (CS) and the primary somatosensory cortex (S1). 
 
 
2. Materials and Methods 
 
2.1 Subjects  
Data from 9 epilepsy patients (4 females, mean age 17.4 years, range 10-34 years, Table 1), who were 
temporarily implanted with subdural ECoG grids for removal of their focus of epilepsy, were used. 
Seven patients (S1-S6, and S9) were implanted with clinical grids (1 cm inter-electrode distance, 2.3 
mm exposed surface diameter, AdTech, Racine, USA) covering, among other regions, the 
sensorimotor hand region. Two patients (S7 and S8) were also implanted with high-density (HD) 
ECoG grids (Table 1) over the sensorimotor hand region. For these patients, only the data recorded 
from the HD-grid was used in the analysis. HD-grids had 64 channels (8×8 electrode layout), with 1 
mm exposed surface diameter and an inter-electrode distance of 4 mm (PMT Corporation, 
Chanassen, MN, USA). This study was approved by the Medical Ethical Committee of the Utrecht 
University Medical Center. All subjects signed informed consent according to the Declaration of 
Helsinki (2013).  

 
 

 
Table 1 – Patient and ECoG grid information.  
 

 S1 S2 S3 S4 S5 S6 S7 S8 S9 

Age 14 17 10 13 14 17 34 20 18 

Gender Female Male Male Male Female Male Female Male Female 

Handedness Right Right Right Right Right Right Right Right Right 

Implanted 
hemisphere 

Right Right Right Left Right Left Right Left Right 

Grid type Clinical Clinical Clinical Clinical Clinical Clinical 
High-
density 

High-
density 

Clinical 
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2.2 Experimental Design and force acquisition  
In order to test the linear relationship between the HFB and exerted grasp force, the subjects 
performed three continuous grasping tasks with biomechanical feedback, hereafter referred to as 
task 1, 2 and 3 (Figure 1). During these tasks, patients controlled the y-position of an icon on a screen 
and were instructed to have the icon follow a cue on the screen that moved vertically, by squeezing a 
rubber-bulb with the hand contralateral to the implanted hemisphere. The change in pressure inside 
the rubber-bulb can be interpreted to be proportional to the applied grasp force, as force = 
pressure/area and hand contact area was kept constant throughout the task. Each task consisted of 
17 blocks of 20 s, 8 active blocks and 9 rest blocks. In the rest block, the participants were instructed 
to not squeeze the rubber-bulb and to watch the cue and icon moving automatically at the same 
pace in the screen. In task 1, the icon started at the bottom of the screen and ‘jumped’ to the top 
three times per block at a frequency of 0.75 Hz. In task 2 and 3, the icon made a sinusoidal movement 
over the screen at a velocity of 0.25 Hz. In task 2, a block consisted of five complete and continuous 
sinusoids. In task 3 the sinusoid was interrupted three times per block (at random heights), and the 
icon halted on screen for a random period between 1 to 2 s. In task 1 and 3, the time between ‘jumps’ 
and ‘halts’ varied randomly and lasted at least three seconds. Due to limited time availability of the 
patients, the number of completed runs varied between tasks and patients. Subjects performed at 
least one run of each task (Table 2). For each run and task, the force values were calibrated, such that 
the maximum grasp force corresponded to highest (ceiling) position of the icon on the screen. The 
force values were sampled at 100 Hz and subsequently upsampled to match the sampling frequency 
of the ECoG signals.  

Since the subjects performed three different tasks, we could assess the HFB response to force 
production during fast impulse responses, continuous dynamic force transition and isometric 
conditions. In this study we considered the response to task 1 to be representative of the individual 
cortical impulse response. Because an impulse response is a single short response with both a high 
force and high change in force, we used it to identify the electrodes that responded significantly to 
the task (see section 2.4), and to estimate the parameters necessary to test each of the models (see 
section 2.5). Task 3 was used to study the ECoG activity during constant force application, but no 
movement (i.e., during isometric contraction), and task 2 was used to investigate activity during a 
continuous, sinusoidal variation of applied force.  

 
 
 

 

Table 2 – Number of runs per subject. 
 

 S1 S2 S3 S4 S5 S6 S7 S8 S9 

Task 1 1 1 2 2 1 2 3 1 1 
Task 2 2 1 2 2 1 2 3 1 2 
Task 3 2 1 2 2 1 2 2 1 3 
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Table 2 – Number of runs per subject. 
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Task 1 1 1 2 2 1 2 3 1 1 
Task 2 2 1 2 2 1 2 3 1 2 
Task 3 2 1 2 2 1 2 2 1 3 

 

 

 
Figure 1 – Three grasp force tasks. 
Each participant performed three different grasp force tasks (task 1, 2 and 3). In all tasks the subject was asked to 
follow a cue (right: green circle) on the screen as accurately as possible by squeezing a rubber-bulb with the hand 
contralateral to the implanted hemisphere. The participant controlled the y-position of an icon on the screen (right: 
red circle). In task 1 the cue ‘jumped’ to the top of the screen and immediately returned to the bottom.  In task 2 the 
cue moved up and down at a fixed frequency, leading to a sinusoidal movement of the hand with 5 cycles. In task 3, 
the cue performed the same sinusoidal movement in task 2 but “halted” at a y-position for small intervals of time 
(random between 1 and 2 s).  

 
 

 
2.3 ECoG acquisition and data processing 
ECoG signals from the clinical grids were acquired with a 128-channel Micromed recording system 
(Treviso, Italy) at 512 Hz. Data from the HD-grids were recorded using a Blackrock system 
(Microsystems LLC, Salt Lake City, USA) at 2000 Hz. The data were analyzed in Matlab® using the 
FieldTrip Toolbox (Oostenveld et al., 2011). Some electrodes were excluded from the analysis 
because of noisy or flat signals (which can be caused by broken leads), and were identified based on 
deviations from the typical power spectral density distributions, line noise values and raw voltage 
distributions (Liu et al., 2015). The remaining electrodes (Table 3, Figure 2) were used for common-
average re-referencing. The signals were band-pass filtered between 0.15 and 130 Hz and notch 
filtered at 50 and 100 Hz. High-frequency band (HFB) power signals were extracted using a Morlet 
wavelet transform, with multiplication in the frequency domain (length equal to 3 standard 
deviations of the implicit Gaussian kernel and width 7 cycles). HFB power was extracted for every 
time point and for the frequency range of 70-125 Hz (steps of 1 Hz and averaged across all frequency 
bins). The resulting HFB signals were smoothed using a moving average filter with a 0.1 s window.  
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Table 3 – Number of electrodes used in this study: total number electrodes included in the analysis, total 
number of electrodes with significant response to task 1, and number of electrodes with significant 
responses to the task 1 located over primary motor cortex (M1), primary somatosensory cortex (S1) or 
central sulcus (CS). Subjects implanted with HD-grids are indicated with an asterisk. 

 

 S1 S2 S3 S4 S5 S6 S7 S8 S9 

# included electrodes 53 108 53 49 57 64 64 64 61 

# significant electrodes 21 16 12 7 27 32 61 58 12 

# M1 electrodes 5 3 0 0 5 4 31 24 1 

# S1 electrodes 5 1 3 3 5 4 13 22 4 

# CS electrodes 0 2 1 2 3 5 10 12 2 

 
 

 
2.4 Electrode selection 
Electrode selection was based on the individual response to task 1. Electrodes with a significant 
response to task 1 were selected per run with a paired t-test (p < 0.05, Bonferroni corrected) between 
rest and active HFB mean values (rest period -2 to -1 s and active period -1 to 0 s, both relative to the 
peak of force; Figure 3). When a subject performed more than one run, the union of the significant 
channels of individual runs was used. Significant electrodes were grouped into four regions-of-
interest (ROIs), depending on their cortical region (Figure 2, Table 3): all electrodes (in- and out-side 
the SMC), electrodes over M1, electrodes over central sulcus and electrodes over S1. For this purpose, 
the electrodes were localized by co-registering a pre-operative T1-weighted anatomical magnetic 
resonance imaging (MRI) scan (Philips 3T Achieva, Best, the Netherlands) with a post-implantation 
computerized tomography (CT) scan (Philips Tomoscan SR7000, Best, the Netherlands). The 
electrode locations were corrected for brain shift and projected on a cortex surface rendering 
(Branco et al., 2018; Hermes et al., 2010). In total, four averaged signals were used in the following 
analysis, each representing the mean HFB signal across one of the four ROIs.  
 
2.5 Model comparison 
In this study we modelled the HFB power response using two different models based on the force 
applied during the three grasp force tasks. We compared one model based on the magnitude of force 
exerted during the task (magnitude, model 1, m1(t)) with another model based on the change in force 
(derivative of magnitude, model 2, m2(t)). To accommodate negative derivative values for m2, given 
that HFB power does not have negative values, the model combines the positive peaks of the 
derivative with the absolute value of the negative peaks using the following linear combination: 
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m; = 𝑎𝑎 ∙ 𝑝𝑝ositivePeaks + 𝑏𝑏 ∙ negativePeaks,											 − 1 < 𝑏𝑏 < −0.1				and			𝑎𝑎 > |𝑏𝑏| (1) 

 
We considered a positive second peak when b was bigger than 0.1 and, as we do not expect the 

second peak to be larger than the first peak, we defined a to be always larger than the absolute value 
of b. We modelled four mean HFB power responses (electrodes averaged within each of the ROIs, see 
section 2.4) by means of a convolution, where each estimated HFB signal, eHFB(t), was obtained by 
convolving the model mi(t) (i=1 for model 1 and i=2 for model 2) with a Gaussian function g(t) (Salari 
et al., 2018) with a specific full-width-half-maximum (FWHM, in seconds): 
 

𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒(𝑡𝑡) =	𝑚𝑚%(𝑡𝑡) ∗ 𝑔𝑔(𝑡𝑡),                           (2) 
 

where the symbol ‘∗’ denotes the convolution operation. The estimated HFB power was computed 
per subject, per task and per ROI. Since there were three tasks, we could compare the fit of each of 
the force models in the presence and absence of movement (i.e., isometric force contraction). The 
difference between the estimated HFB power (eHFB) and the measured HFB power was determined 
by the root-mean-squared-error (RMSE). Before computing the RMSE, both the HFB and the eHFB 
signals were z-scored over the whole run to avoid effects of amplitude differences. Moreover, as 
suggested in previous studies (Coon and Schalk, 2016; Branco et al., 2017; Ramsey et al., 2017; 
Salari et al., 2018), the onset of the motor response may change in time, especially for electrodes 
located in different regions of the brain. To remove potential misalignment between the model and 
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order to statistically compare the fitting of both models across ROIs and tasks, we computed the 
difference between the RMSE scores of the two models and performed a two-way repeated-
measures ANOVA with ROI and tasks as within-subject factors.  

 
2.6 Parameter estimation 
In this study we considered the HFB response to task 1 to be representative of the subject’s cortical 
impulse response and assumed that the response to the remaining tasks could be constructed from 
these impulse responses. For that reason, and to avoid circularity effects in our results, we estimated 
the model parameters from task 1 and applied them to task 2 and 3. For both models, the width of 
the Gaussian (FWHM) was estimated for every subject, ROI and run, by determining the lowest RMSE 
for FWHM values ranging from 0.001 s to 1 s (steps of 0.02 s). When a subject performed more than 
one run, the FWHM that resulted in the lowest RMSE score was taken for that subject and used in 
his/her remaining tasks and runs. Additionally, for model 2, besides the FWHM, also the parameters a 
and b were estimated by computing the RMSE for the range of values defined in Eq. (1) and in steps 
of 0.05. In this study we were not interested in the absolute height of the peaks but the relation 
between them. Therefore, we estimated the ratio between b and a (b/a) and interpret the height of 
the second peak as a function of the height of first peak. This way, for a = 1 and a ratio of, for 
example, b/a = 0.1, b would be 0.1, which is 10% the height of the first peak. Since there was no 
fundamental reason why the ratio b:a should be subject- or region-specific, we estimated these 
values based on a group analysis and kept them equal for all subjects, ROIs and tasks. A one-way 
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repeated-measures ANOVA was used to estimate the statistical difference between the ratios b/a 
between the regions-of-interest M1, CS, S1. 
 
 
 
 

 
Figure 2 – ECoG grid localization. 
Brain surface renderings with projected electrode locations of the 9 individual subjects. For each subject, all 
electrodes displayed were included in re-referencing. Electrodes displayed in blue, red, yellow or white colors 
showed a significant response to the task. Depending on their location the electrodes were grouped in M1 (blue 
circles), S1 (red circles), central sulcus (CS, white circles) or remaining cortical regions (yellow circles). Electrodes 
with no significant response to the task are indicated with small black circles. 
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Figure 3 – Average HFB response during task 1 for a representative subject. 
The mean HFB response (gray lines) across all trials for subject S7 during task 1. The mean signals are normalized 
between 0 and 1 and displayed in a time window of -1.5 to 1.5 s relative to the peak of pressure. The shaded gray 
region represents the standard deviation. The averaged force magnitude profile across trials (squeezes and 
releases) is indicated with the blue lines, also normalized between 0 and 1, for comparison purposes. For most 
channels, an HFB peak before the peak of the force (indicated with vertical black line) and a smaller HFB peak after 
the force peak is visible. Each electrode was colored according to its cortical location, with blue representing M1, 
white the central sulcus, orange S1 and yellow outside of the SMC, and their position on the cortical surface is 
displayed above. Electrodes indicated by a black dot showed no significant response to the task. 
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2.7 Anatomical specificity 
In order to provide additional spatial information about the RMSE scores during grasp force tasks, we 
re-computed the RMSE scores per model for every electrode over the SMC (M1, CS and S1) for the 
two subjects implanted with HD-grids (S7 and S8). We performed this analysis only for task 3, as this 
provided the largest difference between model 1 and model 2 and included moments of isometric 
force. In this analysis the model parameters were the same as estimated in section 2.6. For each 
electrode the FWHM of the Gaussian was set to the one computed for the ROI it belonged too (either 
M1, CS or S1). In order to evaluate which model provided the best fit for each electrode separately, 
we subtracted both the RMSE scores and their statistical significance between the two models. To 
assess the statistical significance of the RMSE scores, we randomly shifted the HFB trace in relation 
to the eHFB 5000 times in order to obtain an empirical null distribution of correlation values on 
random observation (Combrisson and Jerbi, 2015). RMSE scores with a p-value below 0.05 were 
deemed significant. 

 
 

3. Results 
 

3.1 Parameter estimation 
The FWHM that resulted in the lowest RMSE value across runs of task 1 for each subject, were 
estimated for both models 1 and 2 and for every ROI separately (Table 4). For each subject, the 
optimal FWHM value per ROI and model were kept constant for task 2 and 3. Notably, the FWHM for 
model 1 was on average smaller than the FWHM of the force profile (~0.5 s, see also Figure 3), 
whereas the mean FWHM for model 2 was in the same order of the width as the derivative peaks 
(~0.25 s). This means that, after the convolution between the Gaussian function (g(t)) and model 1 
(m1(t)), the eHFB kept on average the FWHM of the original force profile m1(t). This result indicates 
that the FWHM parameter contributed less to shape model 1, as it was smaller than the actual width 
of the model, than to shape model 2.  

For model 2, two additional parameters were estimated, a and b (see Eq. (1) in section 2.5). 
Assuming that the ratio between the positive and negative derivative peaks is a property of the brain 
response and, therefore, invariant across subjects, these two parameters were estimated based on 
the b/a ratios of all subjects together (Figure 4). The a and b values displayed in Figure 4B were the 
ones that resulted in the smallest RMSE value per subject, run and ROI. The best fitting values for a 
and b showed a consistent negative slope, where a was on average 0.8 and b on average -0.2. Since 
we were interested in estimating the ratio b/a and since no statistical difference was found between 
the ratios b/a for the regions-of-interest M1, CS, S1 (one-way repeated-measures ANOVA, F(2,16) = 
1.64, p = 0.23, Figure 4A), we estimated the parameters a and b from the mean ratio of all regions-of-
interest (All, M1, CS and S1) combined (Figure 4A, all ratios). Hence, for an a = 1, b was equal to -0.3, 
which indicates that the second peak is 70% smaller than the first peak. These parameters were, 
hereafter, set constant for all subjects, ROIs and tasks. 
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Table 4 – Mean FWHM across subjects for model 1 and 2. FWHM was extracted from task 1 and separately for 
the four ROIs: All – mean HFB power across significant channels; M1 – mean HFB power across significant 
channels over M1; CS – mean HFB power across significant channels over the central sulcus; S1 – mean HFB 
power across significant channels over S1; std – standard deviation over subjects. 
 

 

 
FWHM 

model 1  
(mean ± std, in s) 

FWHM 
model 2 

(mean ± std, in s) 

All 0.17 ± 0.18 0.26 ± 0.06 

M1 0.23 ± 0.23 0.26 ± 0.12 

CS 0.12 ± 0.17 0.23 ± 0.07 

S1 0.15 ± 0.22 0.23 ± 0.07 

 
 
 
 

 
Figure 4 – Estimation of parameters a and b for tasks 2 and 3. 
A) Boxplots of the ratios b/a for four ROIs separately (All, M1, CS and S1) and all ratios combined (All ratios, black 
box). The central horizontal line indicates the median and the white star the mean (over subjects, runs and ROIs). 
The box indicates 50% of the distribution; the thin dashed black lines indicate the maximum and minimum ratios 
not considered outliers, and the outliers are indicated by a '+' symbol. All – mean HFB signal across all significant 
electrodes; M1 – mean HFB signal across all significant electrodes over M1; CS – mean HFB signal across all 
significant electrodes over the central sulcus; S1 – mean HFB signal across all significant electrodes over S1. B) 
Individual a and b values (gray circles) for every ROI, subject and run. Mean a and b values are indicated with a star 
and the median with a circle. There is a consistent negative slope between a and b, with 50% of the a values 
between 0.65 and 0.95 and 50% of the b values between -0.10 and -0.25.        
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3.2 Model comparison 
Using the parameters estimated above for task 1, the two models were, subsequently, fit to the HFB 
response for the three tasks. Results (Figure 5, left panel, and Figure 6) show a significant difference 
between models for all ROIs and for all three tasks (Wilcoxon signed-rank test t-test, p < 0.05, false 
discovery rate corrected). The significant difference between the models can be explained by the fact 
that the HFB power often showed a second smaller peak after the first peak, which was more 
pronounced in task 3, but also visible in task 1 and 2 (Figure 5, right panel), and which was more 
accurately modelled by model 2. Altogether, these results indicate that 1) the HFB power does not 
follow the magnitude of force exerted by the individual, but rather the change in force (onset-offset 
of the force exertion); and 2) this difference is more pronounced during isometric force tasks (task 3), 
where the HFB power failed to exhibit a sustained response related to constant force.  

From the four ROIs, only three regions (M1, CS, and S1) are independent, in that each electrode is 
only included in one of the regions. In order to statistically compare the differences in RMSE scores 
between the two models across ROIs and tasks, we computed the difference between the RMSE 
scores of the two models (Figure 7) and performed a two-way repeated-measures ANOVA with ROI 
(M1, CS and S1) and tasks (task 1, 2 and 3) as within-subject factors. The results showed that the 
subtracted RMSE scores were significantly different between tasks (F(2,10) = 15.82, p < 0.01) and 
between ROIs (F(2,10) = 6.76, p < 0.05), and a significant interaction between them (F(4,20) = 3.56, p 
< 0.05). Additionally, contrasts on the ROI main effect showed that M1 was significantly different 
from S1 (F(1,5) = 9.31, p < 0.05, r = 0.81), indicating that the onset-offset effect is more pronounced in 
the S1 cortex, but still visible in M1 and above the central sulcus. 
 
3.3 Anatomical specificity 
The RMSE scores were further computed per model for every electrode over the SMC in the HD-grid 
patients (S7 and S8). Results (Figure 8A) showed that model 2 fits the HFB signals of task 3 better in 
electrodes located close to the central sulcus (in both M1 and S1) than electrodes further from the 
central sulcus. No clear difference between M1 and S1 was visible, indicating that both cortices seem 
to respond similar to the grasp force tasks (as can be also seen in Figure 3). In order to evaluate if any 
electrode had a preference for model 1, we compared the RMSE scores of both models per electrode. 
Results show that none of the electrodes preferred model 1 over model 2 (Figure 8B) and that the 
significance level for model 2 was always higher (p-value lower) than for model 1 (Figure 8C), with 
the biggest differences observable for electrodes close to the central sulcus (Figure 8B). Of note, as 
can be seen in Figure 8, the M1 region comprised more electrodes than the S1 region, and, therefore 
displayed more electrodes that were less well fitted by the models than S1. Additionally, in order to 
assess how the model fits the HFB signals over the SMC, we compared the values of the optimal 
temporal shifting between the HFB trace and the eHFB trace for the best fitting model (model 2) in 
the regions M1, CS and S1. Results (Figure 9) showed that electrodes over S1 on average responded 
later (-160 for S7 and -90 ms for S8) than electrodes over M1 (-130 for S7 and -40 ms for S8), with CS 
electrodes responding between S1 and M1 electrodes. Together, the above findings indicate that M1 
and S1 electrodes present similar onset-offset responses but shifted in time. 
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Figure 5 – Comparison between models. 
Left panel: two models (model 1, black solid line, and model 2, black dashed line) were fit to the HFB. The RMSE 
(fit) scores were computed per subject and task, for each of the models. The tasks with significant different scores 
between model 1 and model 2 (at p < 0.05) are indicated with an asterisk. Right panel: representative traces of the 
HFB power averaged across all significant electrodes, exerted force trace, eHFB computed using model 1 and 
eHFB computer using model 2, for three representative runs (top: S7; middle: S8; bottom: S7), are displayed. 
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Figure 6 – Comparison between models for three regions of the SMC. 
Two models (model 1, black solid line, and model 2, black dashed line) were fit to the HFB power per ROI. The 
RMSE (fit) scores were computed per subject, ROI and task, for each of the models. The ROI with significant 
different scores between model 1 and model 2 (at p < 0.05) are indicated with an asterisk. 
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Figure 7 – RMSE difference between model 1 and model 2. 
The difference in RMSE scores between model 1 and model were computed for every task and for every ROI. Each 
bar represents the mean RMSE differences across subjects, and the error bar indicates the standard error. There 
were in total four ROIs: all significant electrodes to the task (All, black bar), all significant electrodes to the task 
over M1 (M1, dark gray bar), all significant electrodes to the task over the central sulcus (CS, light gray bar) and all 
significant electrodes to the task over S1 (S1, white bar). A two-way repeated-measures ANOVA was performed 
to assess the effect of the task and the ROI on the model performance. Comparison was made for three ROIs only: 
M1, CS and S1. Statistical differences are indicated with a * for p < 0.05 and ** for p < 0.01. 

 
 
 

4. Discussion 
Correct understanding of how movements are generated and what movement parameters are 
represented in the SMC are crucial to improve the decoding of motor-related brain signals, for 
instance for Brain-Computer Interfaces. Here, we investigated whether the shape of the HFB 
responses to continuous grasp force evidences a transient or a sustained profile and how these 
responses compare between regions of the SMC. For that, we modelled the HFB power changes 
during three grasp force tasks that employed an impulse-response force profile (task 1), a dynamic 
force profile (task 2) and an isometric force profile (task 3), with a model based on the force 
magnitude and a model based on force changes (derivative of force).  

The results showed that during grasp force movements, the HFB power shows a transient 
response during flexion of the fingers (contraction) followed by a 70% smaller transient response 
during extension of the fingers (release). This transient response was represented in the model based 
on the derivative of the force (onset-offset) and absent in the model based on the force magnitude. 
Consequently, the model based on the derivative of the force fitted the HFB signals better than a 
model based on the force magnitude, irrespective of the task and the electrode location. We found 
that, on average, the onset-offset model fitted S1 signals significantly better than M1 signals. As we 
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modeled averaged signals across electrodes over M1 and S1, one could suggest that differences 
found between M1 and S1 could be due to the smaller number of M1 channels that showed a second 
peak (and a preference for model 2), compared with S1. Furthermore, when fitting the onset-offset 
model to each channel separately, we found that it had a preference for electrodes closer to the 
central sulcus (see Figure 3 and 8 for examples), and that only the shift between the model and the 
HFB signals (relative to movement onset) differed between M1 and S1: S1 channels displayed a larger 
shift in time between the HFB signal and the model than M1 channels, as also reported in other 
studies (e.g., Hermes et al., 2012).  

Overall, the lowest RMSE scores were obtained for task 1. This was expected, since this was the 
task used to construct the model and to extract the optimal model parameters. Although a 
significant difference between the models was found for multiple sensorimotor brain regions for this 
task, the largest differences were observed for task 3. This difference is likely due to the task design, 
which includes moments of static isometric force contraction, during which the HFB signals did not 
exhibit a sustained response.  
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Figure 8 – Spatial mapping of the fitting scores for task 3. 
Top row: RMSE scores for model 2 per electrode were displayed on the brain surface of subject S7 and S8, for task 3 
and per run. The RMSE scores were normalized per run between 0 and 1, where 0 (dark blue on the color scale) 
represents the lowest RMSE and the best fit, and 1 (yellow on the color scale) the opposite. Middle row: RMSE score 
differences between model 1 and model 2, where a positive difference indicates RMSE model 1 is larger than RMSE 
of model 2 and therefor model 2 fits better. Differences in RMSE are color-coded between -0.2 (dark blue) and 0.2 
(dark red), with all values > 0.2 displayed in dark red. Bottom row: p-value difference between model 1 and model 2, 
shown for the electrodes that showed significant RMSE score (p < 0.05) in either of the models. P-value differences 
are color-coded between -0.01 and 0.01, with all values > 0.01 displayed in dark red. All panels: the electrodes 
considered above S1 are enclosed by an orange line, while electrode above M1 are enclosed by blue line. The central 
sulcus electrodes are the ones between the S1 and M1 regions. 
 
 
 
 
 

 
Figure 9 – Temporal shift between model 2 and HFB signal for task 3. 
Model 2 was fit per electrode for a range of temporal shifts from -0.5 to 0 s in steps of 0.02 s, where 0 is the 
movement onset. The shift that yielded the lowest RMSE between model 2 and HFB signal is displayed for task 3 
and for two subjects implanted with HD-grids (S7 and S8). Subject S7 performed 2 runs, whereas S8 only performed 
one run. The difference in shifts indicate that the best fit in S1 channels was on average later than in M1. The 
boxplot indicates 50% of the distribution of the shifts of all electrodes, with the horizontal black line indicating the 
median and the vertical black lines indicating the maximum and minimum ratios not considered outliers. The 
outliers are indicated by the '+' symbol. Each boxplot is color-coded according to three cortical ROIs: M1 – mean 
HFB signal across all significant electrodes over M1 (dark gray box); CS – mean HFB signal across all significant 
electrodes over the central sulcus (light gray box); S1 – mean HFB signal across all significant electrodes over S1 
(white box). 
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4.1 Interpreting the onset-offset model 
Evidence for the representation of force in the SMC has been reported in the past in primate single-
cell studies during precision grip and grasp tasks (Smith et al., 1975; Wannier et al., 1991; 
Boudreau and Smith, 2001; Hendrix et al., 2009). These studies showed that most cells relate to 
the derivative of force (phasic response) and generally discharge prior to muscle activity onset 
(Smith et al., 1975). During the period of static isometric force (maintained force), some cells 
increased discharge proportionally to the applied force and around or after muscle activity onset. 
This relationship between cell activity and static force levels was described as monotonic for some 
levels of force but not to the forces on the extremes of the range, yielding an so-called “S-shaped” 
curve (Cheney and Fetz, 1980; Evarts et al., 1983). Other cells presented a mix of phasic and tonic 
discharge responses during the dynamic (increase in force) and static (constant force) conditions 
(Smith et al., 1975; Cheney and Fetz, 1980).  

The above studies suggest that both constant force levels and onset-offset of movement are 
encoded to some extent in the primate sensorimotor cortex. Evidence from previous human ECoG 
studies showed that HFB power contributes substantially to the reconstruction of kinetics 
parameters, such as isometric grip force and EMG activity, when added as a feature to sophisticated 
regression methods (Chen et al., 2014; Flint et al., 2014; Shin et al., 2012), but that it provides 
limited information for the decoding of force levels associated with different object weights (Pistohl 
et al., 2012). Adding to these findings, we suggest that the HFB signals themselves likely provide 
information especially about the change in force, as our results showed that HFB power does not 
seem to encode sustained static isometric force contractions, but rather onset and offset transitions 
of the movement. This result is illustrated by the presence of a two-peak response associated with 
flexion and extension of the fingers across the SMC. Notably, this double-peak response in both 
motor and sensory cortices has also been previously reported during non-force related tasks, such as 
flexion and extension in primates (Fetz et al., 1980) and in humans (Hermes et al., 2012), and during 
intended and pinching movement of the fingers in humans (Wang et al., 2012; Flint et al., 2017). An 
interesting question is how HFB features of the ECoG signal relate to the single-cell recordings and 
how sustained force levels are encoded in the ECoG signals recorded from the SMC. A possible 
explanation for these results could be that ECoG electrodes do not pick up the neuronal tonic 
responses because they record from a large-population of neurons (each presenting either tonic, 
phasic or mixed responses). As phasic responses were more prominent at a single-cell level than tonic 
responses, these would be, therefore, the most detected by HFB ECoG signals. Another possible 
theory would be that tonic responses are not mapped in the HFB features but may, instead, be 
represented in other temporal-spectral features of the ECoG signal. Two candidate features that 
have been previously shown to be informative for the decoding of force and movement (e.g., Pistohl 
et al., 2012; Flint et al., 2014; Chen et al., 2014) are the low-pass filtered ECoG signals or local 
motor potentials and the low-frequency band signals. 

Altogether, the evidence points towards a transient representation of the onset and offset of the 
movement in the ECoG HFB signals (coupled or not with force exertion) rather than encoding of force 
magnitude. Since muscle activity is known to have the same amplitude modulation as the exerted 
force (Lawrence and De Luca, 1983; Smith et al., 1975; van Duinen et al., 2007), our results further 
suggest that the HFB signals are likely to represent kinematics of the movements, such as velocity, 
and not kinetic parameters such as force or muscle magnitude. Nevertheless, further research is 
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4.1 Interpreting the onset-offset model 
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phasic or mixed responses). As phasic responses were more prominent at a single-cell level than tonic 
responses, these would be, therefore, the most detected by HFB ECoG signals. Another possible 
theory would be that tonic responses are not mapped in the HFB features but may, instead, be 
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and not kinetic parameters such as force or muscle magnitude. Nevertheless, further research is 

 

necessary to understand how other movement features of the force grasping movement are 
captured by ECoG signals recorded from the SMC, and how can these be used for BCI control. 

 
4.2 Interpreting the spatial representation 
Even though transient responses were found throughout the SMC, this onset-offset representation 
of movement was more consistent over S1 than in M1 across subjects and tasks. Interestingly, this 
result is also in line with previous observations in early primate studies, where transient discharge 
was less visible in M1 cells when compared to S1 cells (Wannier et al., 1991), and in human ECoG 
studies that showed a more pronounced second peak related to extension of the fingers in S1 when 
compared with M1 (Hermes et al., 2012). Nevertheless, we showed that even though S1 responses 
are better fitted by model 2, likely indicating the presence of more predominant second peak across 
S1 electrodes, the second peak is also clearly present in most of the M1 channels (e.g., Figure 3 and 
Figure 8). Additionally, significant responses to the task, presenting again a second peak, were also 
found outside of the SMC, especially for the subjects implanted with standard ECoG grids. These 
regions (see Figure 2) included motor related areas, namely the supplementary motor area, posterior 
parietal cortex, cingulate motor areas and the premotor cortex, which have been implicated in the 
visuomotor pathway (Dum and Strick, 1993; Gold and Mazurek, 2002; Hamzei et al., 2002) and to 
participate in the production of grasping movements (Fagg and Arbib, 1998).  
 
4.3 Limitations  
In this study we approximated the exerted force during a grasping task by the pressure variations 
inside a rubber bulb. Even though this approximation is valid, as the movements were constrained to 
holding the rubber-bulb at all times, we cannot rule out small disparities between measured pressure 
and force. Like many studies, we analyzed force during an executed movement task, which, 
inevitably, involves a superimposition of both kinetic and kinematics parameters, and, therefore, we 
can only speculate what the true relation between the applied force and the HFB signals are. To 
answer that question, the experiment should be repeated in a more sophisticated and controlled 
setting, where static isometric, dynamic isometric and movement conditions are compared in a 
larger population of subjects. To investigate these questions, a task with different force levels, 
executed for the different durations, in the present and absence of movement should be developed. 
This alternative design would also allow to perform a more systematic statistical regression analysis 
on individual electrodes (as suggested in Salari et al., 2018), which could potentially reveal a more 
complex combination of transient and sustained HFB responses distributed over the SMC. Another 
limitation of this study is that some of the results are highly driven by 2 subjects with high-density 
grids, who had considerably more electrodes included over the SMC compared to all other subjects. 
Lastly, besides HFB signals, other ECoG features have been shown to be informative for the decoding 
of force profiles, such as local motor potentials (Flint et al., 2014). It would be interesting to also 
study the relation between these, the HFB response and the force patterns. 

 
5. Conclusion 
In this study we show that sensorimotor high-frequency band signals elicited during a grasp force 
task are strongly coupled with the onset and offset of the movement, rather than with the force 
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magnitude. We show that for three different grasp force tasks, with impulse, dynamic and isometric 
force profiles, the HFB signals are closely related to the periods of actual movement, and do not 
follow moments of sustained force contractions. Even though in literature no consensus has been 
reached regarding which kinematic or kinetic parameters of grasp movement are encoded in the 
sensorimotor cortex, our results suggest that the HFB components of the ECoG signals encode 
kinematic parameters, such as velocity. This information can be taken into consideration in 
understanding and decoding neural signals, for instance for BCI. Moreover, these results also support 
the evidence that ECoG signals, and in particular HFB signals, provide rich and discriminative features 
for the decoding of grasping movements.  
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Abstract 

 
A fully implanted Brain-computer Interface was recently applied in a locked-in patient allowing for a 
one-dimensional control of a spelling board on a computer. The patient attempts to move her hand 
in order to generate a ‘click’, which is used to select letters. The optimal parameters to generate an 
accurate click were estimated from a cursor control task where the control signal was used to control 
the y-velocity of a cursor on the screen. However, the set of parameters used for the cursor control 
task was not accurate enough to be used for clicks. In order improve accuracy, three filters were 
designed to add features, smooth and z-transform the signal before conversion to a click, in order to 
provide a more reliable communication channel that has less false positive events. 
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1. Introduction  
People with severe paralysis who have lost the ability to communicate have only limited options to 
regain this ability. Since the 1990‘s Brain-Computer Interfacing (BCI) has been proposed as an 
assistant technology to reestablish this lost communication (Daly and Wolpaw, 2008). For optimal 
usability in daily life at the homes of the target population, such a system should be accurate and 
intelligent (i.e., it incorporates smart decoding algorithms that dynamically adjust to e.g. slow signal 
changes), fully implantable (i.e., permanently available and invisible), safe, stable, easy and 
comfortable to use (Huggins et al., 2011). However, even though technology advances fast, many of 
these requirements have not been met so far. 

Recently, a fully implantable BCI communication system (Vansteensel et al. 2016) (Utrecht 
NeuroProsthesis, UNP, Figure 1) was implemented, which translates neuronal activity elicited upon 
attempted hand movements into a binary control signal for selection of characters in spelling 
software running in ‘switch-scanning mode’, where so-called ‘brain-clicks’ can be used to select 
characters, or groups of characters, that are highlighted automatically and sequentially by the 
computer. The UNP system was implanted in a locked-in patient with late-stage Amyotrophic Lateral 
Sclerosis, with a four-electrode strip covering the hand sensorimotor cortex. The bipolar pair to use 
for BCI control was chosen based on the highest correlation to a motor localizer task, where the 
patient alternated between trials of attempted hand movement and rest. The patient gave informed 
consent to this study, which was approved by the ethics committee at the University Medical Center 
Utrecht in accordance with the 2013 provisions of the Declaration of Helsinki. 

 
1.1 Extraction of good parameters 
A standard Cursor Control task (CCT, in BCI2000 Schalk et al., 2004) was used to estimate the 
optimal signal processing parameters for a one-dimensional continuous control signal. In this task 
the subject controlled the y-velocity of a ball on the screen (Figure 2), while the ball moved at 
constant speed on the x-direction in attempt to hit one of two targets displayed on theright-hand 
side of the screen. The subject attempted to move her hand to move the ball up and relaxed to move 
it down. 

Across several months the average CCT performance using high-frequency broadband power 
(80±2.5 Hz) was 90.73±6.42 % (N=70 runs), which is significantly above chance (50%, p<0.01). 
However, the high performance with this continuous signal did not predict performance using the 
same electrode pair and frequency band for a binary signal (above or below a fixed threshold) to 
generate brain-clicks. The threshold was initially based on the midpoint between the averaged high-
frequency band power during the active and during the inactive states. This resulted in a lower than 
expected performance during spelling and a need for frequent calibration. Errors were mainly 
unintended clicks (false positives), although misses also occurred. 

Hence, we were interested in investigating how the continuous brain signal could be translated 
optimally into brain-clicks that were usable for high accuracy spelling, with a low false positive rate 
and without compromising the sensitivity to intended actions. Two hypotheses based on the 
acquired signals were defined: 

1) Many false positives (FPs) were caused by the noisy and spiky morphology of the signal, 
hence smoothing of the signals would decrease the FPs; 
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2) The power signal was not stable over time, hence normalization of the signal would improve 
performance. 

 
 
 

 

 
 

Figure 1 - Utrecht NeuroProthesis (UNP) fully implanted brain-computer interface system. 

 

 

 
 
 

Figure 2 - CCT design as implemented in BCI2000. The ball moves towards the target at constant 
speed while the subject controls the y-velocity of the ball towards the target. 
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2. Materials and methods 
 

2.1 General description of the system 
The UNP system (Figure 1) consists of four 4-electrode ECoG strips, from which one strip is placed 
over the hand region of primary motor cortex. The subcutaneous amplifier and transmitter device, 
placed subclavicularly, transmits power signals to an antenna attached to the clothing, every 200ms 
(5 Hz) for one bipolar pair. As a first step to improve the reliable conversion of continuous brain 
activity into a ‘brain-click’ control signal, instead of only using the high-frequency band, we used a 
filter (linear classifier filter) that summed two frequency bands (Low Frequency Band, LFB, 20±2.5Hz, 
weight -1; and High Frequency Band, HFB, 80±2.5 Hz, weight +1) of the same bipolar pair (FHFB - FLFB). 
For more details about the motivation behind this filter see Vansteensel et al. (2016). The resulting 
control signal was then thresholded through a threshold filter and converted into a binary signal, 
where 1 represents the samples above the threshold and 0 otherwise (Figure 3). Finally, this binary 
signal was converted into a click signal in the click translator filter, which defined a click when more 
than 5 samples (1 s) exceeded the threshold (Figure 3). The click was then sent to a spelling program 
where rows of characters, or individual characters, could be selected with a brain-click (Figure 4). 
Additionally, in order to address the two hypotheses, we tested and implemented two additional 
filters.  
 
 
 
 
 

 
 
Figure 3 - The threshold filter converts the control signal (FHFB - FLFB) into a binary signal, whereas the click 
translator filter converts the binary signal in a click signal.  
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Figure 4 - Spelling program used during online research runs to spell 5 or 7-letter words. The computer 
automatically highlights each row or item sequentially, looping from top to bottom and left to right, respectively. 
Each row of characters, or individual characters, can be selected with a brain-click. 

 

 

2.2 Addressing hypothesis 1: The Smoothing filter 
To tackle the problem of noisy and spiky signals intrinsic to neuronal recordings, a smoothing filter 
was designed to smooth each feature signal (FLFB and FHFB) independently (Figure 5). In the design of 
real-time feedback BCI systems the use of future samples to smooth the signal is not possible. 
Therefore, the smoothing function here implemented averages each incoming sample with the 
previous 5 samples (i.e., 1.2 s smoothing window). 
 
2.3 Addressing hypothesis 2: The Z-Transform filter 
Another property of the signal that is crucial for accurate performance is the stability of the signal 
over long periods of time, i.e., the minimization of slow amplitude trends of the signal. A constant 
signal amplitude allows for the use of constant parameters, such as the threshold, across sessions. 
For that, normalization to a z-score can be used to diminish signal variability. Furthermore, when 
adding two different feature signals, their separate z-transformation allows for a straightforward 
combination for the signals (weights -1 for LFB and +1 for HFB, see [3] for more details). Hence, a z-
transform filter (Figure 6) was implemented, by subtracting each incoming sample (of each feature 
signal FLFB and FHFB) with the mean of a 30 s calibration window and dividing it by the standard 
deviation of the same window.  
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Figure 5 - Smoothing filter averages each incoming sample (red square) with the previous 5 samples (black 
circles). The smoothing filter is applied to each feature signal (FLFB and FHFB) independently.  
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Figure 6 - The z-transform filter subtracts from each incoming sample (S) the mean of a 30s calibration window 
and divides the resulting value by the standard deviation (std) of the calibration window.  
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2.4 Hypotheses testing 
Click-performance during online copy-spelling runs (see Figure 4 for an explanation of the speller 
application) was compared before and after the filter implementation, which also includes the 
addition of the LFB feature. An overview of the implemented filters can be found in Figure 7.  

Performance was assessed by means of false positive (FP) rate and true positive (TP) rate of the 
online runs. The patient performed a total of 35 copy-spelling runs before (words with 7 letters) and 
69 after filter implementation (words with 5 letters). The number of FP, TP, true negatives and false 
negatives were determined automatically from the data recorded during online runs and visually 
inspected by two independent observers. Please note that no offline (post-hoc) processing was 
applied to the recorded data. 
 
 
3. Results 
For comparison of click-performance before and after the filter implementation the FP rate and true 
positive (TP) rate during online runs (where the patient was asked to spell dictated words) were 
computed. Notably, we observed that many events classified as FPs were in fact intended clicks that 
were slightly too early or too late in time. For this reason, a FP-rate-corrected was calculated, which 
did not include these timing mistakes. Timing mistakes were identified and marked by visual 
inspection of all runs performed by two independent observers. 

 
3.1 Performance before filter implementation 
There were on average 2.06 FP/min (N=35 7-letter words), yielding a FP rate of approximately 9%, a 
FP rate-corrected of 6% and a true positive (TP) rate of 84% (Figure 8).  

 
3.2 Performance after filter implementation 
Regarding the smoothing filter, the optimal smoothing window (number of samples used to average 
each incoming sample) was optimized together with the threshold via a heat map (see 
supplementary material in Vansteensel et al. (2016) for more details), where the highest 
performance region was mapped in a two-dimensional matrix. For that the offline classification 
accuracy of recorded runs replayed with different smoothing window and threshold was computed. 
Within the hotspot, multiple sets of parameters were chosen and tested by the patient (compromise 
between effort and accuracy of the system) and the optimal ones (1.2s smoothing window and 0.85 
threshold) were used for spelling (Vansteensel et al. 2016). This resulted in a score of 1.02 FP/min 
(N=69, 5-letter words), and a significant decrease in FP-rate and FP rate-corrected to 7% and 2%, 
respectively (p<0.001). True positive rate (TPR) also decreased significantly (p<0.05) to 76% (Figure 
8), mainly due to an increase of False Negatives (FNs, i.e. a miss to click), which the user prefers over 
FPs because they do not require spelling correction (back-space).  
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Figure 7 - Filter pipeline implemented on the BCI2000 platform. The recording unit (gray block) streams power 
signals every 200ms. Two frequency bands, LFB and HFB, are recorded, smoothed, z-transformed and summed 
(linear threshold classifier) with -1 and 1 weights, respectively. The resulting control signal is then thresholded and 
converted into a click. The latter was used to select rows or items on a spelling program. Figure adapted with 
permission from Vansteensel et al. (2016). 

 
 
 
 
 
 

 
 
Figure 8 - FP rate and FP rate-corrected before and after the filter implementation. True positive rate 
before and after filter implementation, where mean FN is indicated as MFN. **p<0.001; *p<0.05. 
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4. Discussion and conclusion 
In our previous article Vansteensel et al. (2016), we demonstrated for the first time that a fully 
implanted BCI (UNP system) could be used to control a spelling program on a computer by 
converting brain activity into a one-dimensional ‘click’. Here we address in more detail than in our 
previous publication, the filter pipeline implemented to convert the continuous brain signal to binary 
brain-clicks, for control of a spelling program on a computer. As a first approach the settings used to 
produce a click were derived from the optimal settings of a standard Cursor Control task. However, 
this set of parameters was sub-optimal for a reliable click production. Besides implementing a filter 
that combines two feature signals with a certain weight (FHFB - FLFB), the motivation for which can be 
found in Vansteensel et al. (2016), we implemented two filters to overcome the unstable 
characteristics of the signal: a smoothing filter and a z-transform filter. Combined, these three filters 
allowed for a more stable signal and a significant improvement of the performance of the system. 
The FP rate and FP rate-corrected for timing mistakes were significantly reduced after filter 
implementation. At the same time, the TP rate also reduced, mainly because of the increase in FN, 
which the patient preferred over FPs, because they do not require spelling correction. 

Finally, one note for the calibration window used for the z-transform filter. After actual 
implementation, this calibration window was recorded for multiple runs and the mean and standard 
deviation across runs showed to be consistent. These values were then used for z-transformation, 
without need for repeated calibration and without a continuous adaption. Due to the normalization 
of the signal, the combination of feature signals with different amplitude ranges (i.e., FLFB and FHFB) 
was possible, and allowed for the setting of a constant threshold (to convert the control signal into a 
click) for over 9 months. During this period, user satisfaction of the UNP system was high or very high 
on all items of a modified QUEST2.0 user satisfaction questionnaire and the user used the system at 
home for communication without any technical staff present. 
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A small step 

can make a big difference. 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
In the last four years, we implemented and tested for the first time a fully implanted Brain-Computer 
Interface (BCI) in a patient with late-stage amyotrophic lateral sclerosis (Vansteensel et al., 2016). 
This proof-of-concept study allowed us to demonstrate that electrocorticography (ECoG) is a usable 
technique for the stable recording of neuronal signals in people with Locked-In Syndrome (LIS), and 
that attempted hand movement is an adequate strategy for reliable control of a BCI. While the 
results of this study are remarkable and provide unique data, the system still presents some 
limitations, the most important being that it only allows the detection of one hand movement, which 
is translated into a one degree-of-freedom control signal. This limitation is mostly due to the fact 
that the current system has a very limited number of implanted channels to record from. Although 
initially this limitation was a prerequisite to prove that the BCI system can be a reliable and usable 
tool in the daily life of people with LIS, we now would like to extend the number of degrees-of-
freedom for control, and thereby the speed and versatility of the system. A possible strategy to 
increase the number of degrees-of-freedom is to increase the number of implanted channels, by 
using high-density (HD) ECoG grids. Therefore, the goal of the current thesis was to address several 
issues in the design of a multi-dimensional fully implantable communication BCI based on HD-ECoG 
grids. We have focused on several aspects of all parts of the BCI cycle, providing not only tools and 
methods that will facilitate the development of multi-dimensional ECoG-based BCIs, but also 
neuroscientific insight into which paradigms and brain areas may be used for multi-dimensional 
control. 
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Electrode localization 
The first step in the BCI cycle is brain signal acquisition. For the correct interpretation of the signals 
recorded, accurate localization of HD-ECoG electrodes on the individual brain surface is crucial. In 
this thesis we developed a tool to localize HD (and standard) ECoG grids using post-operative 
computerized tomography (CT) imaging, in a fast and accurate manner (Chapter 1). Although other 
tools have been developed recently for similar purposes (Dykstra et al., 2012; Qin et al., 2017; 
Groppe et al., 2017; Blenkmann et al., 2017), none of these was validated for HD grids. Our method, 
named ALICE (Automatic Localization of Intra-Cranial Electrodes), provides a fast tool for electrode 
localization and shows accurate detection, discrimination and projection of HD-ECoG electrodes 
spaced down to 4 mm apart. In some situations, however, such as during intra-operative (awake) 
recordings, post-operative imaging, such as a CT scan, is not available or provides insufficient or no 
information about the implanted electrodes. Previous studies (e.g., Gupta et al., 2014) have  
attempted to address this issue by using a neuronavigator during the surgery. However, these 
methods were not validated for HD grids and were not suitable for electrodes hidden under the skull. 
Therefore, we developed another HD grid localization method, which does not require post-operative 
imaging, photographs or the use of a neuronavigator, and which employs the fact that anatomical 
and vascular brain structures under the ECoG electrodes affect the amplitude of the recorded ECoG 
signal (Chapter 2). This novel method, called GridLoc, was validated with subjects who also had post-
operative CT available and showed a small average difference of less than 2 mm between both 
methods, which is comparable to the differences typically reported between post-operative imaging 
and photograph methods (Hermes et al., 2010). This means that we can now reliably localize HD 
grids based solely on the recorded ECoG signal together with information about the anatomical and 
vascular structures of a certain patient and that post-operative imaging is not necessary for this step. 
Together, the ALICE and GridLoc methods provide tools to localize HD-ECoG grids in all possible 
recording settings, allowing for high reproducibility of the results across studies and accurate 
interpretation of the signals recorded both in a clinical context and in research settings. 

 
Signal processing and feature extraction 
Once the location of each electrodes is known, the recorded signals can be interpreted. For that, 
signals need to be processed and meaningful features need to be extracted. In this thesis, we focused 
on the higher frequency range of the brain signals (> 60 Hz), commonly referred as the high-
frequency band (HFB). The HFB signals are valuable features for implantable BCIs, as they are closely 
time-locked to motor commands (Crone et al., 1998a; Buzsáki and Wang, 2012; Hermes et al., 
2012) and are focally represented in the sensorimotor cortex (SMC) (Miller et al., 2007; Hermes et 
al., 2012). In Chapter 3, we showed that incorrect extraction of HFB power can lead to 
misinterpretation of the signals and poor BCI decoding results. Two particularly important 
parameters affecting the HFB power extraction are the temporal sampling and smoothing window 
size. The temporal sampling defines the amount of information digitized from the analog signals, 
while temporal smoothing is used to mitigate the occurrence of transient, spiky and uncorrelated 
noisy components. We presented a method to systematically compute the optimal temporal 
sampling and smoothing parameters to extract HFB power signals, and applied this method to 
multiple sensory and motor paradigms typically used for BCI control. The results showed that the 
choice of optimal parameters depends on the functional paradigm and may be subject-specific, and 
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encourage a methodical assessment of these two parameters for an optimal decodability of ECoG-
based BCI signals. 

 
Motor-based paradigms and feature classification  
In order to make use of the detailed organization of the SMC and to increase the degrees-of-freedom 
of BCIs while keeping reliability high, one must use the motor paradigms that are most clearly 
represented in the SMC. Yet, one problem in motor neurophysiology concerns the complex relation 
between cortical sensorimotor activity and the execution of hand movement. Although multiple 
kinematic and kinetic parameters of the movement have been shown to be represented in the SMC 
(e.g., Ashe and Georgopoulos, 1994; Evarts, 1968; Georgopoulos et al., 1982; Todorov, 2000; 
Wessberg et al., 2000), it is yet not fully understood how the SMC encodes volitional movement. In 
this thesis, we performed an in-depth literature search to identify and summarize pioneer and 
contemporary findings on the movement features encoded in the SMC (Chapter 4). We concluded 
that several hand movement parameters may be especially suitable for discrete and continuous BCI 
control, as they are shown in multiple studies to be well-represented in the SMC and yield high-
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movement trajectories. In the remainder of this thesis, both discrete decoding of four hand motor 
postures (Chapter 5) and continuous decoding of force-grasping movements (Chapter 6) were 
investigated further. 
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to a letter on a screen, or by using it to control multiple dimensions. In Chapter 5, we compared the 
decoding accuracy of four hand gestures between different regions of the SMC using exclusively HD-
ECoG grids. Notably, typical hand-based BCIs focus on activity from the primary motor cortex (M1), 
as this region is known to be causally associated with movement. However, primary sensory cortex 
(S1) presents similar somatotopical organization to M1 and could theoretically be considered as a 
potential target region for BCI control. Interestingly, we found that S1 also provides relevant 
discriminative information for BCI control, with similar decoding accuracy as M1 (76% and 74%, 
respectively) when classifying four hand gestures. This phenomenon is not entirely caused by sensory 
feedback as the S1 responses are also initiated before movement onset (Sun et al., 2015). Although 
surprising, high accuracy decoding of hand/finger movements from S1 has now been confirmed by 
other recent BCI studies performed with able-bodied individuals (Hotson et al., 2016), paralyzed 
patients (Degenhart et al., 2018) and people with arm amputation (Kikkert et al., 2016; Bruurmijn 
et al., 2017), suggesting that BCIs can exploit both M1 and S1 cortical regions for control, also in 
people who are unable to move and have no sensory feedback.  

An alternative strategy to control multi-dimensional communication BCIs is to decode 
parameters that are proportionally represented in SMC. Such proportional responses could be used, 
for example, for the continuous 2D control of a cursor on a screen. An example of such proportional 
feature is grasping force: people are able to grasp something with little or strong force and it can be 
surmised that the SMC contains a representation of the amount of force exerted during grasping. 
Indeed, it was demonstrated earlier that one of the promising features to decode continuously 
exerted force profile is the HFB signal (Chen et al., 2014; Flint et al., 2014). However, we showed 
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that during continuous grasp force movement, HFB signals relate to the rate of force change, that is, 
the onset and offset of the grasp movement, rather than the force magnitude itself (Chapter 6). This 
finding, remarkably visible in the subjects implanted with HD-ECoG grids, suggests that HFB signals 
alone do not encode force levels and are, therefore, not the most suitable feature to realize a BCI that 
aims to use different force amplitudes as a basis for multi-dimensional control. In order to 
continuously decode absolute force profiles, other signal features, such as low-passed ECoG signals 
or local motor potentials (Schalk et al., 2007), should be explored. 

A limitation common to the two abovementioned studies is the number of subjects included. 
Notably, the number of patients temporarily implanted with HD-grids for epilepsy monitoring and 
from whom data could be used for this thesis was rather limited. Although inevitable, this limitation 
makes it hard to draw generalizable conclusions from the data. In the future, the results here 
presented should be validated in larger groups of subjects. 

 
Control signal and feedback 
Besides developing new methods and tools for the next generation of fully implanted BCIs, we also 
worked on improving the current version of the implanted BCI (Vansteensel et al., 2016), the 
Utrecht NeuroProsthesis or UNP. In the initial stages, after the first patient was implanted with the 
UNP system, we found that the system was susceptible to false positives due to the noisy and spiky 
morphology of the signals and slow varying time fluctuations of the signals across days. In the last 
chapter of this thesis (Chapter 7) we showed that smoothing and z-score normalization of the signals 
significantly contributed to stabilizing the control signal. These methods, implemented in the form of 
online filters in the signal processing pipeline, were used to improve the online BCI control of the 
switch-scanning software currently implemented in the UNP system. A limiting factor in the 
implementation of these filters relates to the optimization of the necessary filter settings for high 
accuracy online control. Logically, each of the filters requires the specification of at least one 
parameter, such as, for instance, the smoothing window size in the smoothing filter. However, the 
parameter optimization in a closed-loop system is a tricky concept because the optimal parameters 
always depend on user performance, and user performance depends on the chosen parameters. To 
tackle this issue, we are currently developing methods that allow for a systematic search of optimal 
parameters during online learning tasks, where the computer searches for all the optimal filter 
settings simultaneously and converges to the ones that provide the easiest and most accurate user 
control. Notwithstanding, the current version of the system is a unique source of information 
regarding the stability and reliability of online chronic BCI control, and a first-hand source of the 
issues and challenges that must be tackled in the future in order to achieve a 100% accurate multi-
dimensional home communication device. 

 
Future directions 
The work presented here is an important step towards the future implementation of a multi-
dimensional fully implantable BCI as a communication aid to individuals with LIS. In a nutshell, the 
above findings suggest that the combination of HD-ECoG grids and HFB signals is a potential 
strategy to increase the degrees-of-freedom of a BCI, in particular we show 1) that we can accurately 
localize HD-ECoG grids and accurately describe the HFB signal changes, 2) that gestures are a good 
approach for discrete control of BCIs, 3) that S1 is a good source of discriminative features, 4) that 
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absolute force levels are not encoded by HFB signals in the SMC, and 5) that stabilizing the signal is 
essential for accurate BCI control. We hope to have provided tools and methods that improve the 
different aspects of the BCI cycle, from signal acquisition to feedback. Nevertheless, before multi-
dimensional ECoG-based BCIs become a reality, several issues should be addressed in the near 
future.  

First, in this thesis we focused on a specific feature of the brain signals, called high-frequency 
band. This choice makes sense, as HFB signals have a very strong temporal and spatial coupling with 
movement. However, exploring other frequency bands and combining them can be of great value for 
implantable BCIs. Indeed, previous studies have shown that movement is associated with a time-
locked decrease in lower-frequency band power (Crone et al., 1998b) and that kinematic and kinetic 
control of hand movements can be accurately decoded from other features, such as low-pass filtered 
ECoG signals and lower-frequency spectral features (e.g., Pistohl et al., 2008; Schalk et al., 2007, 
2008; Pistohl et al., 2012; Flint et al., 2014, 2017). In particular, in the UNP study we showed that 
the combination of HFB signals with low-frequency signals improved performance when recorded 
using a bipolar referencing (subtraction of the signal of two electrodes) (Vansteensel et al., 2016). 
Although it seems a simple strategy, the inclusion of lower-frequency signals from multi-electrode 
ECoG grids (i.e., monopolar referencing) raises new questions related to the setup in which these 
signals are recorded. While HFB signals are known to be spatially specific, movement related changes 
in low-frequency band power often occur wide spread over the SMC (Miller et al., 2007; Hermes et 
al., 2012). For that reason, when applying typical re-referencing schemes to remove common noise, 
such as common-average re-referencing, these signals can be potentially removed. In our group, we 
are currently examining this topic, in order to identify the most optimal re-referencing method for 
monopolar recordings that best preserves modulations in the low-frequency band, while still 
removing the common noise and artifacts from the signal of interest.  

Second, so far we have focused on simple classification methods (Chapter 5 and 7) for BCI 
control. These methods rely on correlations or thresholding, which, besides being intuitive and 
mathematically straightforward, have also shown to be robust and to provide accurate classification 
(Bleichner et al., 2016; Branco et al., 2017; Ramsey et al., 2017). However, with the increase in 
computer processing power, the expected increase in capabilities of implantable devices and the 
development of fast, light and smart decoding algorithms (such as deep neural networks), future 
BCIs may benefit from more advanced software that combines accurate control, smart error-
detection schemes and artificial intelligence predictions.  

Third, other sources of false positives still currently detected with our system (and not discussed 
in this thesis) are caused by changes in the HFB activity elicited during 1) hand tactile stimulation, for 
instance when the hands of the user are being moved around or when they tremble during 
wheelchair movement, 2) during eye movements used to control an eye-tracking system and 3) 
during certain sleeping periods. These were concerns that were previously not considered, and that 
only emerge when BCIs are continuously used at home and in the daily routine of the user. A possible 
strategy to reduce the number of false positives would be to use a more specific brain signal that only 
relates to volitional (attempted) movement or to find error bio-markers in the brain signals that could 
be used to correct the output. Moreover, the use of HD-ECoG grids may also potentially contribute to 
increase specificity, because smaller sensors record from smaller sub-populations of neurons, which 
are less likely to be involved in other sub-functions.  
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Forth, besides increasing the number of implanted electrodes, another strategy to design multi-
dimensional BCIs could be to decode from other brain regions, such as SMC mouth area, frontal 
cortex, lower temporal-parietal cortex and visual cortex. In our group we have investigated 
alternatives to hand paradigms, such as decoding spoken phonemes (Ramsey et al., 2017), vowels 
(Salari et al., 2018), counting backwards (Vansteensel et al., 2010) and visual mental imagery (van 
den Boom et al., 2016). So far, the choice of the paradigms was based on the hypothesis of 
optimally decodable brain functions. However, for an optimal development of daily usable BCIs, the 
users’ opinion about which paradigms are intuitive to use for BCI control should also be taken into 
account. In our group, we developed a survey that introduces BCI as an alternative communication 
aid to end-user with LIS and asks which paradigms they prefer, with the hope to steer in the future 
our research towards the user’s preferences and to avoid technology abandonment.  

Lastly, in order to develop and implement an accurate, reliable and robust BCI system that can be 
used 24/7 at home by the user, we will also need to gain a deeper understanding of the sensorimotor 
system. How does the cortical population control the muscle output? How can we use that to provide 
seamless and natural BCI control? How does feedback influence the cortical organization and 
network? These are questions that are crucial to the BCI field and that we hope to investigate and 
provide answers to in the near future. 

 
Conclusion 
The work here presented forms a basis of tools, methods and scientific knowledge that can be used 
to optimize signal acquisition, processing, classification and control/feedback of BCIs. The usage of 
HD-ECoG grids is a promising strategy to increase the degrees-of-freedom of implantable BCIs, 
especially when combined with the highly somatotopically detailed sensorimotor cortex and time-
locked and focally specific high-frequency band features. Our work is a step towards the next 
generation fully-implanted BCI. In the future, we hope to implement these results in a working BCI 
that can be used to restore communication of individuals in a locked-in state. 
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Een kleine stap 

kan een groot verschil maken. 
 
 
 
 
 
 
 
 

Meer dan 200 miljoen mensen in de wereld ervaren een bepaalde vorm van verlamming en kampen 
daardoor met aanzienlijke communicatieproblemen. In de meest ernstige vorm van verlamming 
wordt de communicatie drastisch beperkt tot minimale restbeweging en/of verticale 
oogbewegingen, beter bekend als Locked-In Syndroom (LIS). Voor deze personen kan 
ondersteunende technologie (OT) het laatste hulpmiddel zijn om communicatie met de buitenwereld 
te herstellen en een zinvolle interactie met hun omgeving te behouden. In het algemeen worden OT-
hulpmiddelen met resterende spieractiviteit bediend, via bijvoorbeeld een aangepast toetsenbord, 
een computermuis of een oogbesturingscomputer. Voor een deel van de mensen met LIS is OT-
bediening op basis van spieractiviteit echter geen optie, omdat hun spiercontrole te zwak of te 
ongecoördineerd is voor nauwkeurige controle. In deze gevallen vormen neurotechnologieën waarbij 
geen spierbeweging nodig is een veelbelovend alternatief om de communicatie te herstellen. Een 
voorbeeld van een dergelijk communicatiehulpmiddel is een Brain-Computer Interface (BCI). Een BCI 
meet hersensignalen en vertaalt deze naar een opdracht om daarmee een computer te besturen. Dit 
proefschrift richt zich op een specifiek soort BCI dat hersensignalen registreert met behulp van een 
elektroden-raster dat onder de schedel op het hersenoppervlak wordt geplaatst, ook wel 
electrocorticografie (ECoG) genoemd, en vormt een veelbelovende methode om signalen voor BCI te 
meten omdat het systeem volledig geïmplanteerd kan worden. Het voordeel daarvan ten opzichte 
van niet geïmplanteerde BCI-systemen is dat het minder gevoelig is voor storingen van buitenaf en 
met meer nauwkeurigheid de hersensignalen kan meten. In de afgelopen vier jaar hebben we een 
volledig geïmplanteerde BCI op basis van ECoG-signalen getest. Dit systeem, genaamd de Utrecht 
NeuroProsthese (UNP), is geïmplanteerd in een verlamd persoon met amyotrofische laterale sclerose 
(ALS). Deze persoon was daardoor in staat een computerprogramma te besturen door te proberen 
de (verlamde) hand te bewegen, wat leidde tot veranderingen in de hersensignalen die konden 
worden opgevangen en vervolgens werden omgezet naar een computer opdracht, zoals een 
muisklik. Hoewel deze studie laat zien dat ECoG een bruikbare techniek is voor stabiele registratie 
van neurale signalen bij mensen met LIS, heeft dit systeem ook enkele beperkingen. Het huidige 
systeem staat bijvoorbeeld de detectie van slechts één soort (hand)beweging toe, die wordt vertaald 
in één enkel klik-commando op de computer. Dit wordt veroorzaakt door het beperkte aantal ECoG-
elektroden dat gelijktijdig gemeten kan worden door het implantaat. Daarom onderzoekt dit 
proefschrift een methode om het aantal commando’s te vermeerden door middel van het verhogen 
van het aantal geïmplanteerde ECoG-elektroden, namelijk door gebruik te maken van ECoG-rasters 
met meer elektroden dichter bij elkaar (HD-(hoge-dichtheid) ECoG-rasters). 
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Elektrode lokalisering 
Voor de juiste interpretatie van de gemeten signalen is een nauwkeurige lokalisatie van de HD-ECoG-
elektroden op het individuele hersenoppervlak cruciaal. Dit proefschrift heeft een hulpmiddel 
ontwikkeld voor het lokaliseren van HD-ECoG-electroden op een snelle en accurate manier met 
behulp van een Computer Tomografie (CT) scan die is gemaakt na de elektroden-implantatie 
(Hoofdstuk 1). Onze methode, genaamd ALICE (Automatische Lokalisatie van IntraCraniële 
Elektroden), biedt een snel hulpmiddel voor de lokalisatie van de elektroden en laat een nauwkeurige 
detectie en positionering van HD-ECoG-elektroden zien. Echter, in sommige situaties zijn post-
operatieve scans niet beschikbaar of leveren ze onvoldoende of geen informatie over de 
geïmplanteerde elektroden. Een voorbeeld van zo’n situatie is een ‘wakkere operatie’, een operatie 
waarbij de patiënt bij bewustzijn is en de elektroden na de operatie meteen worden verwijderd (in 
tegenstelling tot operaties waarbij elektroden tijdelijk geïmplanteerd worden en pas op een later 
moment worden verwijderd). Voor situaties als deze hebben we een andere lokalisatiemethode voor 
HD-ECoG-rasters ontwikkeld (GridLoc), die geen post-operatieve scan vereist (Hoofdstuk 2). De 
ALICE- en GridLoc-methoden samen maken het mogelijk om HD-ECoG-rasters in alle mogelijke 
opname situaties te lokaliseren, waardoor een hoge reproduceerbaarheid van resultaten uit 
verschillende studies behaald kan worden en waardoor een nauwkeurige interpretatie van de 
geregistreerde signalen mogelijk is. 

 
Signaalverwerking en functie extractie 
Zodra de locatie van elke elektrode bekend is, kunnen de opgenomen signalen worden 
geïnterpreteerd. Daarvoor moeten de signalen eerst worden verwerkt en moeten zinvolle kenmerken 
worden geëxtraheerd. Dit proefschrift concentreert zich op het hogere frequentiebereik van de 
hersensignalen (>60 Hz): de hoge frequentieband (HFB). Hoofdstuk 3 toont aan dat onjuiste 
extractie van de sterkte van het HFB-power signaal kan leiden tot verkeerde interpretatie van de 
signalen en daardoor tot slechte BCI-prestaties. Daarom presenteren we een methode om 
systematisch de optimale parameters te berekenen voor het extraheren van HFB-power signalen en 
passen we deze methode toe op meerdere sensorische en motorische taken die vaak worden 
gebruikt voor BCI-besturing. 

 
Beweging gebaseerde paradigma’s en kenmerkclassificatie 
Een van de meest bruikbare hersengebieden voor BCI-besturing is de sensomotorische cortex (SMC). 
De SMC is betrokken bij de planning, controle en uitvoering van spierbewegingen en bestaat uit twee 
delen: de primaire motorische schors (M1), die verantwoordelijk is voor uitvoering en programmering 
van beweging; en de primaire somatosensibele schors (S1), die somatosensorische informatie 
verwerkt. De verschillende lichaamsdelen (bijvoorbeeld de handen, voeten of tong) zijn in de SMC 
gerepresenteerd op een georganiseerde manier, in een soort kaart, waarbij elk lichaamsdeel 
verbonden is aan een specifiek gebied van de SMC. Om de prestaties van een BCI te verbeteren, is 
correcte interpretatie van de signalen van bijvoorbeeld het handgebied van de SMC essentieel. In dit 
proefschrift is een diepgaand literatuuronderzoek uitgevoerd om de nieuwste bevindingen over hoe 
de handbeweging door de SMC wordt uitgevoerd te identificeren en samen te vatten (Hoofdstuk 4).  

Twee handbewegingsstrategieën uit dit overzicht, gebarentaal (Hoofdstuk 5) en 
grijpbewegingen (Hoofdstuk 6), zijn vervolgens verder onderzocht. In hoofdstuk 5 laten we zien dat 
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vier verschillende handgebaren van elkaar onderscheiden (gedecodeerd) kunnen worden op basis 
van alleen de hersensignalen, met als doel om vier verschillende onafhankelijke commando's te 
gebruiken om een BCI te besturen. We hebben laten zien dat we deze handgebaren zeer nauwkeurig 
kunnen decoderen uit de SMC, en dat deze bewegingen niet alleen afgeleid konden worden vanuit de 
neurale activiteit in de motorische cortex (M1) maar dat ook de activiteit in S1 goede BCI-prestaties 
biedt, met een vergelijkbare decoderingsnauwkeurigheid (respectievelijk 76% en 74%). De 
mogelijkheid om hand- en vingerbewegingen met hoge nauwkeurigheid te decoderen uit S1 is, 
hoewel verrassend, nu ook door andere recente BCI-onderzoeken -uitgevoerd met gezonde 
vrijwilligers, verlamde patiënten en mensen met een armamputatie- bevestigd. Deze bevindingen 
suggereren dat BCI’s zowel M1- als S1-regio's kunnen gebruiken voor besturing, ook bij mensen die 
niet kunnen bewegen en geen bijbehorende somatosensorische terugkoppeling hebben.  

Waar de vorige genoemde methoden discrete strategieën zijn -handbewegingen die óf wel óf 
niet kunnen worden gemaakt zonder een optie er tussenin- zijn continue handbewegingen een 
alternatieve strategie om parameters te decoderen. Een dergelijke proportionele respons –
bijvoorbeeld grijpkracht- zou kunnen worden gebruikt voor de continue tweedimensionale besturing 
van een cursor op een scherm. Eerder werd inderdaad aangetoond dat HFB-power een veelbelovend 
signaal is om continue grijpkracht te decoderen. Verrassend genoeg tonen wij echter aan dat HFB-
signalen tijdens continue krachtbewegingen betrekking hebben op het begin en het einde van de 
grijpbeweging, in plaats van op de magnitude van de kracht zelf (Hoofdstuk 6). Deze bevinding 
suggereert dat HFB-signalen op zichzelf geen krachtniveaus coderen en daarom niet bruikbaar zijn 
om continue BCI-commando’s te versturen. 
 
Controlesignaal en feedback 
Naast de ontwikkeling van nieuwe methoden en hulpmiddelen voor de volgende generatie volledig 
geïmplanteerde BCI's, hebben we ook gewerkt aan het verbeteren van de huidige versie van het 
UNP-systeem. Nadat de eerste patiënt was geïmplanteerd met dit UNP-systeem, ontdekten we dat 
het systeem gevoelig was voor onbedoelde hersen-kliks (foutpositieven), vanwege de instabiliteit en 
langzame fluctuaties van de signalen. In het laatste hoofdstuk van dit proefschrift (Hoofdstuk 7) 
hebben we aangetoond dat het afvlakken en normaliseren van de signalen significant bijdragen aan 
de stabilisering van het controlesignaal. Deze methoden -geïmplementeerd in de vorm van online 
filters in het signaalverwerkingsproces- werden gebruikt om de online BCI-controle van de UNP te 
verbeteren. 

 
Conclusie 
Het hier gepresenteerde werk vormt een basis van instrumenten, methoden en wetenschappelijke 
kennis die kunnen worden gebruikt om volledig geïmplanteerde BCI's te optimaliseren. Het gebruik 
van HD-ECoG-rasters is een veelbelovende strategie om het aantal controlesignalen van 
geïmplanteerde BCI's te verhogen, vooral door gebruik te maken van het handgebied van de 
sensomotorische cortex en het hoge-frequentiebereik. Dit werk is een stap in de richting van een 
volgende generatie volledig geïmplanteerde BCI’s. In de toekomst hopen we de resultaten te 
implementeren in een werkende BCI om de communicatie van personen met het Locked-In 
Syndroom te herstellen. 
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