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Abstract 

 

Brain-Computer Interface (BCI) offers the opportunity to paralyzed patients to control their movements 

without any neuromuscular activity. Signal processing of neuronal activity enables to decode movement 

intentions. Ability for patient to control an effector is closely linked to this decoding performance. In 

this study, I tackle a recent way to decode neuronal activity: Deep learning.   

The study is based on public data extracted by Schalk et al. for BCI Competition IV. 

Electrocorticogram (ECoG) data from three epileptic patients were recorded. During the experiment 

setup, the team asked subjects to move their fingers and recorded finger movements thanks to a data 

glove. An artificial neural network (ANN) was built based on a common BCI feature extraction pipeline 

made of successive convolutional layers. This network firstly mimics a spatial filtering with a spatial 

reduction of sources. Then, it realizes a time-frequency analysis and performs a log power extraction of 

the band-pass filtered signals. The first investigation was on the optimization of the network. Then, the 

same architecture was used on each subject and the decoding performances were computed for a 6-class 

classification. I especially investigated the spatial and temporal filtering. Finally, a preliminary study 

was conducted on prediction of finger movement.   

This study demonstrated that deep learning could be an effective way to decode brain signal. 

For 6-class classification, results stressed similar performances as traditional decoding algorithm. As 

spatial or temporal weights after training are slightly described in the literature, we especially worked 

on interpretation of weights after training. The spatial weight study demonstrated that the network is 

able to select specific ECoG channels notified in the literature as the most informative. Moreover, the 

network is able to converge to the same spatial solution, independently to the initialization. Finally, a 

preliminary study was conducted on prediction of movement position and gives encouraging results.  
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Sammanfattning 
 

Hjärndator Gränssnittet (BCI) erbjuda tillfälle till tetraplegiska patienter att minska skröplighet genom 

att översätta hjärnaktivitet till kommandon för apparat. Signalbehandling av neuronal aktivitet möjliggör 

att avkoda rörelseintentioner. Patienternas förmåga att kontrollera en effektor är nära kopplad till denna 

avkodning. I denna studie tar vi jag med ett nytt sätt att avkoda neuronal aktivitet: Deep learning.  

Studien baseras på offentliga data som extraheras av Schalk et al. för BCI-tävling IV. 

Electrocorticogram (ECoG) data från tre epileptiska patienter registrerades. Under det experimentella 

setupet, teamet fråga att flytta sina fingrar och registrera rörelse tack vare en datahandske. Ett artificiellt 

neuronnät (ANN) byggdes baserat på en gemensam extraktions-rörledning gjord av successiva 

faltningsskikt. Detta nätverk efterliknar först en rumsfiltrering med en rumslig minskning av källor. 

Därefter utföra det en tidsfrekvensanalys och utför en loggkraftutvinning av bandpassfiltrerade signaler. 

Den första studien handlade om optimering av nätverket. Därefter användes samma arkitektur på varje 

ämne och avkodningsföreställningarna beräknades för en klass med 6 klasser. Jag undersökte särskilt 

rumslig och tidsmässig filtrering. Slutligen genomfördes en preliminär studie om förutsägelse av 

fingerrörelsen. 

Denna studie visade att djupt lärande skulle kunna vara ett effektivt sätt att avkoda hjärnans 

signal. För klassificering av 6 klasser resultaten betonade liknande prestationer som traditionell 

avkodningsalgoritm. Som rumsliga eller temporala vikter efter övning beskrivs väldigt lite i litteraturen, 

har vi särskilt arbetat med tolkning av vikter efter träning. Den rumsliga viktstudien visade att nätverket 

kan välja specifika ECoG-kanaler som anmälts i litteraturen som de mest informativa. Dessutom kan 

nätverket konvergera till samma rumsliga lösning, oberoende av initialiseringen. Slutligen genomfördes 

en preliminär studie om förutsägelse av rörelseställning och ger uppmuntrande resultat. 
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1. Introduction and Background 
 

Brain-Computer Interface (BCI) provides a new communication pathway between brain and external 

device for patient with motor disabilities [1]. A system records neuronal activity as Electrocorticogram 

(ECoG), Electroencephalogram (EEG), etc. For motor BCI, brain signals are processed to decode the 

movement intention, and then the command is sent to an effector. In this context, the laboratory 

CEA/LETI/CLINATEC® developed a project for quadriplegic subjects to recover mobility thanks to an 

exoskeleton [1]. The team designed a unique epidural chronic wireless 64-electrode ECoG implant 

called WIMAGINE® [2]. The patient is implanted (Clinical trial reference: NCT02550522) (from July 

2017) on each side of the brain, on the motor cortex. In general, ECoG implants were implanted 

maximum 28 days due to biocompatibility issues, but these implants were designed for a long-term 

clinical trial.  

From a decade, deep learning (DL) appears for several applications as speech decoding, image 

classification or medical application and offers huge promises [3–5]. DL is a group of methods based 

on artificial neural networks (ANN) used for automatic feature learning. The development of DL for 

ECoG brain signal decoding appeared only few years ago with Wang et al. [5]. Authors develop an 

ANN, which analyses in parallel ECoG signals and videos of the patient. In 2018, Xie et al. [4] reported 

an ANN to decode neuronal signals: researchers developed an ANN which mimics a typical feature 

extraction and decoding pipeline. These two works use hierarchical convolutional neural layers for 

feature computation and extraction. Convolutional neural networks (CNNs) are especially convenient 

to perform data filtering. These teams also use recurrent neural networks (RNNs) due to their ability to 

extract temporal patterns inside sequences [6].  

In this paper, we work on public data extracted by Schalk et al. [7]. They recorded sensorimotor 

neuronal activity on three subjects during a single finger flexion trigger by a visual cue provided by a 

screen. This report presents an ANN used for a 6-class classification for finger activation, one for each 

finger and the last one for a resting phase. The main objective of this study is to investigate DL 

approaches for ECoG decoding and to analyse features that have been computed. DL allow end-to-end 

decoding from row signal using convolutional layers for hierarchical feature computation. 

The first investigations were led to simplify and optimize the network. The number of temporal 

layers and filters were explored and a study on spatial reduction was conducted. Then, temporal and 

spatial weights after training were especially analysed. Influence of spatial weight initializations on 

decoding performances was studied. Finally, data was used for prediction of the finger movement. This 

preliminary study uses special networks to predict flexions and extensions of one finger when all other 

were set to 0. This study was conducted on thumb and index for subject 1 only.   
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2. Materials and Methods 
 

2.1 Data collection and preprocessing 
 

This study analyses the BCI competition IV dataset extracted by Schalk et al. [7]. This dataset contains 

ECoG recordings from three epileptic patients. Patients were implanted for clinical monitoring with 

either 8x8 or 8x6 subdural electrode grids placed over parts of sensorimotor area. Each dataset contains 

600 s of ECoG recordings. Signals are filtered between 0.15 and 200 Hz and sampled at 1 kHz [8]. 

During the experiment, subjects were asked to repeatedly move a single finger, indicated by a visual cue 

trigger. A data glove records each finger movement at 25 Hz. The motion signals are upsampled to 1 

kHz. 

Provided MATLAB files contain:  

• ECoG signals in “train_data” (400 s) and “test_data” (200 s). 

• MOTION signal “train_dg” and “test_dg” the corresponding data from the data glove.  

• The files “binFinger” contain the binarized activation of each finger sampled at 1 kHz.  

Some channels were removed after visual inspection: #55 for subject 1, #21 and #38 for subject 2 

and #50 for subject 3. A specific class was attributed to each finger activation: thumb (#1), index finger 

(#2), middle finger (#3), ring finger (#4) and little finger (#5). The 0-class encodes the resting phase. 

See figure 1.  

    

Figure 1 : Data glove signals and discrete labelling. a) data glove signals (per finger) for subject 1 (blue curves). Orange 

curves are the corresponding binary activations. b) the target vector for 6-class classification.   

Input data were chronologically separated in three datasets: Training, Validation and Test, 

representing respectively 50%, 17% and 33% of the 600s-record (Figure 2a). The distribution per dataset 

of each class is shown in figure 2 (b-d).  

The training set is used to train the artificial neural network (ANN). The validation set allows 

to determine the occurence of overfitting during the training and finally the test set is used to quantify 

the decoding performances of the ANN. 

 

 

Thumb 

Index 

Middle 

Ring 

Little 

a) b) 
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Figure 2 : a) Data distribution of ECoG signals into training, test and validation set. b) Data distribution of finger classes for 

the training set. c) the validation set. d) the test set. 

For each finger activation, we can compute the ECoG signal power evolution over time. By 

averaging across trials, we can demonstrate event-related desynchronization (ERD) or synchronization 

(ERS). The baseline is chosen in [-2, -1] s before movement onset. See figure 3. Note the power 

decreases in low-frequency bands before onset while the power increases in high-frequency bands 

afterwards. 

 

Figure 3 : ERD/ERS map. ERS is power increase for frequencies around 60-180 Hz after movement onset and ERD is power 

decrease for low frequencies before movement onset.  

The figure 3 shows a relative power drop (ERD) before movement onset for low frequencies 

(12-18 Hz) and a relative power rise (ERS) for high frequencies (66-174 Hz). This desynchronization 

and synchronization of signals were particularly described in the literature [9–11]. This figure illustrates 

which frequencies are representative of a movement and thus, features that should help for predict the 

movement.  

 

2.2 Network Architecture 
 

The pipeline in figure 4 is widely used in ECoG signal decoding [12–14]. A spatial filtering computes 

original source signals (spatial components).  The time-domain filtering decomposes each spatial 

component into frequency subbands. The energy of each band is finally computed and used as feature 

for classification/regression. This decoding pipeline is adapted into an artificial neural network (ANN), 

described in figure 5 [4]. 

a) 

b) c) 

 

Training set Validation set 

 

Test set 

600 s of ECoG signals 

d) 

Baseline 
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Figure 4 : Typical ECoG decoding pipeline. X represents the input ECoG epoch with size Nt x Nc, where Nt is the number of 

time points and Nc the number of channels. The first block of feature extraction realises a linear combination of channels and 

computes new spatial components. Then, the second block decomposes the signal into frequency subbands with time-domain 

filters h. The third block computes the log power of these signals. Finally, the model predicts the output class. 

 

Figure 5 : Proposed ANN architecture. The transposed convolutional layer performs spatial filtering and a data reshape. W 

is the spatial weight matrix. Then, convolutional layer applies time-domain filtering with Nf filters. h represents temporal 

weights. Average pooling layers gather “carreFct”, “average pooling” and “L2Log” that compute the log bandpower features 

over a kernel of size poolSize. AP value is defined as 1000/poolSize. Finally, fully connected, softmax and output layers compute 

the output class. 

Nc channels of ECoG signals were split in 1s-windows (with Nt points) with a sliding step of 

40 ms (figure 6). Windows of 1 second is widely used for ECoG decoding [4, 5] and the 40 ms time 

shift was chosen because of the data glove’s sampling rate (25 Hz). Ne is the number of examples 

computed in a whole set. Each ECoG example is mean-centered. The class associated to an epoch is the 

one associated with the endpoint.  

 

 

 

 

 

 

 

 

Figure 6: Creation of 1-second windows and target vector. ECoG signals were split in 1-second windows with a sliding step 

of 40ms. In the same time, the target point selected corresponds the end of each window. 

… 

 

Target vector (binarized finger activation)  

1st 1-second window 
2nd 1-second window 

Target corresponding to the 1st 

1-second window Target corresponding to the 2nd 

1-second window 

600 s of ECoG signals 
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The first transposed convolution layer implements the spatial filtering step and estimate Ns ≤ 

Nc spatial components. The second convolution layer implements the temporal filtering with Nf time-

domain filters. Finally, the average pooling layer computes the energy in these subbands. These 

successive convolutional layers compute features from raw signals and last layers attribute the 

corresponding class.  

 

2.2.1 Spatial convolution layer  

This layer aims to find the optimal linear combinations of electrodes for the classification/regression 

task [15]. Electrodes were multiplied by a (Ns, 1, Nc) tensor to compute spatial components. The 

transposed convolution layer simultaneously reshapes the data matrix: (1, Nt, Nc, Ne) → (Ns, Nt, 1, Ne), 

for accommodation reason in the next layer.  

Fast Independent Component Analysis (FastICA) is used to initialize the unmixing matrix [16], 

as it is able to determine and separate independent spatial components. It puts forward informative 

electrodes and reduces the weight of irrelevant electrodes. For feature reduction, we need to select a 

subset of these spatial components. This is done by identifying in a pre-study the most discriminative 

electrodes using a LASSO regression and by keeping the spatial components that effectively use these 

electrodes. 

In a pre-study that we conducted, each ECoG epoch was filtered by a filter bank (20 temporal 

filters with 10 Hz bandwidth, between 0 and 200 Hz) and the log of L2-norm was computed to extract 

energy. These features are then used in LASSO regression [17] as input data to make a selection of the 

most informative features. Output data is the binary target vector equal to one when a finger is activated. 

LASSO computes a linear regression between input and output data with an L1 penalization. This 

penalization leads to sparse solutions and is controlled by a regularization parameter. This method was 

used for all fingers from all subjects. To measure the decoding performance, correlation coefficients 

were computed between target and predicted activations. In order to achieve a selection of 5 sources by 

subject, weights attributed by LASSO for each sources were multiplied by the computed correlation 

coefficient. A list of sources for each subject correlated to the decoding performance was obtained. The 

study is presented in appendix B.1.  

 

2.2.2 Temporal convolution layer 

This layer uses temporal filters to realize a time-based convolution of spatial components [18]. During 

training, the network will learn to find the best appropriate weights (filter coefficients) to select the most 

informative frequency subbands.  One filter is defined by (1, F) matrix, where F is the number of filter 

coefficients. The layer uses each filter on data from the previous layer and each computation was 

represented along the 3rd dimension of the 4D matrix: (Ns,  Nt,  1,  Ne) → (Ns,  Nt,  Nf,  Ne). 

The biorthogonal wavelet 6.8 filters at the third scale were chosen for weight initialization, see 

appendix B.2. This choice is based on the work conducted by Xie et al. [4]. Authors used three 

convolutional layers to mimic discrete wavelet transform (WT) (figure 7). The signal is successively 

bandpass filtered by a low pass and a high pass filters [19] and at each scale, filters were upsampled by 

interlacing filter coefficients with zeros. This method is called undecimated WT [20, 21] and 6 filters 

were obtained:  L(z), L(z²) and L(z4) for low pass filters at scale 1, 2 and 3 and H(z), H(z²) and H(z4) 

are high pass filters at scale 1, 2 and 3. Instead of using three scales, original wavelet filters were 

convolved to create eight filters (Figure 7). This allows us to work with only one convolutional layer 

with 8 filters and simplify our network. Furthermore, since ECoG data have been filtered between 0.15 
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and 200 Hz, some filters are not relevant and this allows to consider only four subbands. See appendix 

B.2. 

               

Figure 7: Discrete WT. Left: Signal is successively bandpass filtered by a low pass and high pass filter. Right: Equivalent filter 

implementation.   

 

2.2.3 L2-pooling layers and output layer 

A succession of layers computes the L2-norm on each 1s-windows. First layer “carreFct” computes the 

square of data value (equation 1). The result is sent to an average pooling “AveragePooling” layer to 

sum data along time with a specific size poolSize (equation 2) : 

𝑐𝑎𝑟𝑟𝑒𝐹𝑐𝑡 ∶ 𝑥 → |𝑥|²                                                         (1) 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑃𝑜𝑜𝑙𝑖𝑛𝑔 ∶ 𝑥 → ∑
𝑥𝑘

𝐾
 , 𝐾 =  𝑝𝑜𝑜𝑙𝑆𝑖𝑧𝑒𝐾

𝑘=1                            (2) 

A final layer “L2log” is finally implemented to finalize the computation of the L2 norm and 

scale data with the nonlinear function log(1+x) (equation 3) 

𝐿2𝑙𝑜𝑔: 𝑥 →  log (1 + √𝐾𝑥)                                                        (3) 

By combining these three layers, the log (1+x) of the time-frequency features was obtained 

(equation 4) : 

𝐿2𝑙𝑜𝑔(𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑃𝑜𝑜𝑙𝑖𝑛𝑔(𝑐𝑎𝑟𝑟𝑒𝐹𝑐𝑡)) ∶  𝑥 → log

(

 1 + √𝐾 ∗∑
|𝑥𝑘|

2

𝐾

𝐾

𝑘=1
)

  

                                                                                                = log (1 + √∑ |𝑥𝑘|
2𝐾

𝑘=1 )                       (4) 

Gradients of “carreFct” and “L2log” layers were computed to perform calculation during the 

backpropagation. The AP variable in figure 5 is determined by this poolSize value as Nt/poolSize. A 

study on the best value for the poolSize was conducted and presented in appendix C. The poolSize was 

set to 100 and the padding value was fixed at poolSize too in order to avoid overlapping the pools. 10 

features for each 1s windows were computed: (Ns,  Nt,  Nf,  Ne) →(Ns,  AP,  Nf,  Ne). 

(HHH) 

(HHL) 

(HLH) 

(HLL) 

(LHH) 

(LHL) 

(LLH) 

(LLL) 
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A dropout layer was added to reduce overfitting. Finally, output layer computes the class 

according to previous computation made by the ANN.  

 

2.2.4 Implementation 

The work was conducted on MATLAB 2018a, using especially the neural network toolbox (deep 

learning toolbox), as it allows us to construct ANN and analyse results. For optimization, we selected 

the adaptive moment estimation (ADAM) update rule, an adaptive optimization algorithm for gradient 

descent [22]. Kingma et al. demonstrated that ADAM algorithm works well in practice and compares 

favorably to other stochastic optimization methods [23]. The learning rate was set to 10-5 with a decay 

rate of 0.005 and a square decay rate at 0.999. Each neural network was trained for 1690 epochs with 

mini-batch size equal to 200. By default in MATLAB, the loss function was the cross entropy loss for 

multi-class [24] .  

 

2.3. Applications 
 

2.3.1 6-class classification 

Optimized network was used to predict finger activations. For each subject, a confusion matrix is 

computed (appendix D) and decoding performance is evaluated thanks to the accuracy criterion (ACC). 

True positive (TP) value is the number of correct predictions. Accuracy is defined by the sum of TP 

values over the 6-classes, divided by the total number of examples (Ttot). 

𝐴𝐶𝐶 =
1

𝑇𝑡𝑜𝑡
∑ 𝑇𝑃𝑐𝑙𝑎𝑠𝑠 𝑖
5
𝑖=0                                                                 (5) 

Decoding performance of our network was compared to results obtained by M.C. Schaeffer [25] 

who uses Linear Support Vector Machine (Linear SVM) [26] and a Logistic Regression LASSO (LR-

LASSO) [17] to decode the same ECoG data . 

Then, the influence of the spatial layer initialization was investigated. The same network with 3 

different initializations were tested: The first is by the unmixing matrix with the source selection 

provided by LASSO in section 2.2.1, the second is set randomly and for the last, weights were fixed to 

a constant value (0.0001). Spatial weight before and after training were visualized to determine which 

channels were most selected by the neural network during the training. 

Finally, temporal weights were studied and specifically the bandpass after training. The aim is 

to determine if frequencies selected by the network correspond to frequencies reference in the literature. 

 

2.3.2 Regression 

The last task was to study the prediction of finger movement trajectory (figure 1a). To improve the 

capability of our network, the possibility to add a Long Short-Term Memory (LSTM) layer was studied. 

This layer is a recurrent layer and helps the network to find temporal sequences inside the data. This 

ability is particularly useful for prediction of a continuous targets (regression) [3–5].  

However, it is apparently impossible on MATLAB to combine CNN and RNN due to technical 

issues. Therefore, two successive networks were developed: the first is the same than in figure 5 and 

computes features (useful for classification). After training, a special layer called “extract” saves 

features. Then, our program reshapes features and sends them to a new ANN, made of one LSTM unit 
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with Nu hidden units (fix to 15) and one fully connected layer (Figure 8). With this solution, there is no 

backpropagation from the LSTM network to the CNN.  

 

Figure 8: Double ANN for regression task. This figure introduces ANNs used for regression task. The first network computes 

features and send them to another ANN. This last network is made of one LSTM layer with 15 hidden units for regression. 

To analyse the decoding performance, correlation coefficients were computed and compared to 

a LASSO study and results obtained by Xie et al. [4]. This study was conducted on two fingers only, in 

subject 1 due to a lack of time.  
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3. Results 
 

Once our ANN was simplified and optimized (appendix B), it was used to decode ECoG signals for 6-

class classification. We firstly computed performances of our model for each subject. Accuracies were 

compared to common methods: Linear SVM and LR-LASSO. 

 

3.1 Decoding performance 
 

The ANN predicts finger activations by analysing 1-second ECoG signal before the movement. Table 1 

presents the accuracy criterion for the three used models: Linear SVM, LR-LASSO and our ANN model. 

Table 1 : Accuracy of our model on the testing set compared to classical methods as Linear SVM and LR-LASSO. 

 Linear SVM LR-LASSO Our model 

Subject 1 58.9 % 69.0 % 58.3 % 

Subject 2 45.2 % 54.7 % 67.0 % 

Subject 3 55.7 % 68.5 % 67.3 % 

Average 53.3 % ± 7.2 64.1 % ± 8.1 64.2 % ± 5.1 

 

Figure 9 illustrates an example of predictions computed by the network after the training. This 

graphic represents the first 50-seconds for the subject 1.  

 

Figure 9: Target data (blue curve) compared to predictions (orange curve) made by the network for the first 50-seconds of the 

test set, subject 1. 

 

3.2 Spatial Filtering 
 

This study was conducted to evaluate the influences of the spatial initialization on decoding performance 

and on source selection. The same ANN was employed with wavelet initialization. Yet, three different 

spatial initializations were used for the three subjects. Table 2 introduces accuracy criterions according 

to initializations. Confusion matrices are presented in appendices D, E and F.  
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Table 2 : Accuracy of our model on the testing set according to spatial weight initialization: by an unmixing matrix computed 

by fastICA algorithm, by random values and by constant value. 

Initializing type Subject 1 Subject 2 Subject 3 Average 

Unmixing matrix by 

fastICA 

58.3 % 67 % 67.3 % 64.2 % ± 5.1 

Random 57.4 % 67.5 % 67.0 % 64.0 % ± 5.7 

Constant value 59.9 % 67.4 % 65.1 % 64.1 % ± 3.8 

 

Figure 10a-c illustrates normalized spatial weights after and before training for the subject 3. 

For each initialization, the figure 10d lists electrodes with highest weight. Same figures for subject 1 

and 2 were introduced in the appendices G and H. For each initialisation type, ANN learns to put forward 

approximatively the same electrodes after training.  

  

 

 

 

 

 

 

 

Figure 10 : Spatial weights before and after training for three different initializations, subject 3. The upper figure represents 

spatial weights before training and the lower figure illustrates weights after training. Weights were normalized along sources 

a) Weights were initialized by FastICA unmixing matrix, b) by random values, c) by constant value. d) List of electrodes with 

a normalized weight after training equals to 1. 

 

 

Initialization type Most selected 

channels 

FastICA 

unmixing matrix 

9, 18, 41, 43, 54 

Random 9, 18, 41, 43, 54 

Constant 9, 18, 41, 49, 54 

a) b) 

c) d) 
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3.3 Temporal filtering 
 

Frequencies selected by the network during training were studied. Figure 11 represents bandwidth of 

the four filters before and after training. The network does a few modifications during training. 

Nevertheless, it suggests that it learns to put forward the following frequencies in LLL filter: 21.48, 

38.09 and 55.66 Hz.  

          

          

Figure 11: Band pass of four filters before and after training (respectively the orange and the blue curves). 

 

3.4 Regression results 
 

For the last part, successive ANNs presented in figure 8 were used for regression task. They learn to 

predict the finger position (figure 1a) by decoding 1s-ECoG signals before the movement. This 

preliminary study was conducted on thumbs and index of the subject 1. Correlation coefficients were 

computed to quantify decoding performance of our ANNs (table 3) and compared to the LASSO 

regression and the results from Xie et al. [4].  

Table 3 : Decoding performance of thumb and index of subject 1 for LASSO study, our ANN and network from Xie et al [4]. 

Finger LASSO  Our ANN ANN from Xie et al. [4].  

Thumb 0.58 0.65 0.75 

Index 0.46 0.76 0.79 
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Figure 12 illustrates a prediction of our ANN (orange curve) compared to the target trajectory 

(blue curve). This figure suggests that our network finds quite well the extension and the flexion 

movement.  

 

  

Figure 12: Target data (blue curve) compares to predictions (orange curve) made by networks on the 

test set, index of subject 1. The green curve is the binarized activation. 
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4. Discussion  
 

This work is addressed to decode ECoG signals by a DL approach. DL is particularly used for image 

classification but poorly explored for ECoG decoding. The presented ANN mimics conventional 

pipeline in end-to-end decoding. Several simplifications and optimizations were conducted to obtain a 

very simple ANN. Spatial component reductions and filter suppressions (appendix B) were particularly 

used to reduce features and prevent overfitting. In general, DL architecture is considered as “black box” 

and rarely interpreted in the literature. The main improvement of our work is the interpretation of 

weights evolution, as it is commonly conducted in typical decoding algorithm in BCI study. Our work 

suggests that DL may be used to optimize neural feature extraction and ANN weights can be interpret 

to understand which features characterize finger movements for a subject.  

 On average, Linear SVM and LR-LASSO have respectively 53.3% ± 7.2 and 64.1 % ± 8.1. Our 

model obtained 64.2 % ± 5.1 of accuracy. In particular, our model shows higher decoding performances 

or comparable accuracy for subjects 2 and 3 than common methods. Our model seems particularly 

adapted for decoding subject 2 and less effective for subject 1. On average, our model offers a slightly 

higher accuracy than standard methods. It is known that deep learning is sensitive to initialisation. On 

the contrary, in our study, decoding performances vary only slightly according to the initialization. 

Spatial weight initializations suggest having no influence on decoding performances.  

Moreover, the spatial weights attributed by the ANN during training shows that the network 

puts forward electrodes #1, #39, #43 for subject 1, #8, #22, #24 for subject 2, #9, #18, #41, #54 for 

subject 3. These selected electrodes are already documented in the literature as the most informative 

ones [27]. This is observed for all subjects (figure 10 and appendices G and H). Moreover, for any spatial 

weight initializations, selected electrodes are often similar after the ANN learning. This suggest that, 

our ANN is able to converge to a relatively close spatial filtering even though it was initialized trough 

different methods. This electrode selection could be used to draw a mapping of electrodes on the implant 

grid. However, the team that extracts the data scrambled the channel order, so the mapping is impossible.  

 In the temporal filtering, few band pass modifications were observed, using WT initialization 

especially on filters LLH, LHH and LHL. We could expect that filter LHL (184 to 265 Hz) could reduce 

its bandwidth for high frequencies because raw data was band pass filtered below 200Hz. The filter LLL 

learns to select some frequencies: 21, 38 and 56 Hz. 21 Hz is indexed in the literature  as beta brain 

wave [11, 28] so it selection is promising. In the same way, 38Hz and 56 Hz are listed in the gamma 

band [11, 28]. Therefore, our network learns to put forward some specific frequencies, reviewed in the 

literature [10]. However, detection of more frequencies could be expected. Contrary to what is usually 

writing in the literature, we simplified the network by reducing the number of layers, which forced us 

to have much more filter coefficients to obtain the same bandwidths. This important number of 

coefficients could explain why the network did only few modifications during training.  

The preliminary study conducted on the regression task shows promising results (0.65 for thumb 

and 0.76 for index). First, decoding performances computed are higher than the traditional LASSO 

algorithm (0.58 for thumb and 0.46 for index). Our performances are lower than those obtained by Xie 

et al. [4], (0.75 for thumb and 0.79 for index). However, the MATLAB restriction to combine CNN and 

RNN may cause the decrease of performance. 
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5. Conclusions 
 

In this study, we demonstrated that DL is a promising approach to decode ECoG signal. Moreover, this 

work suggests that ANN weights after training give interpretable results. Investigations on spatial 

filtering stress that the network is able to learn which electrodes are the most informative. The robust 

convergence of spatial filtering may be useful for features extraction in conventional algorithms. For 

example, this study was particularly interesting for CLINATEC because the currently used decoding 

algorithm does not perform spatial filtering. The ANN may find a spatial filtering to increase decoding 

performance of current CLINATEC algorithm. Finally, the preliminary study on regression assesses 

promising results. 

 

6. Future Work 
 

For temporal filtering layers initialization, a more specific frequencies selection could be conducted. 

Filters with band pass corresponding to brain wave for BCI decoding could be used. Another study on 

temporal weight initialisation could be performed to identify if the initialization of these weights 

influences decoding performances. Finally, other ANN architectures could be explored, in particular 

with multiple convolution layers to reduce the number of filter coefficients.  

Additionally, the fully connected layer weights could be studied, to highlight which features are 

selected by the network according to the output class.  

Study of regression should be completed on each finger for each subject. Weight studies for 

each layer may also be pertinent, especially to determine which features are selected for a given finger. 

However, using another software, which combine CNN and RNN, should be profitable.   

More generally, other ANN architectures could be tested to study the improvement in decoding 

performances, as for example, more complicated architecture which mimics the mixture of expert 

algorithm. Alternatively, an architecture closer to image recognition algorithms could be explored as 

well. The disadvantage of this last type is that computed features are harder to interpret after training.  

Moreover, BCI applications have some constraints, such as the size of the data, or the time to 

compute a model, which can be difficult to cope with. These restrictions should be studied to use this 

kind of DL algorithms in online BCI.  
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Appendices 

Appendix A: State of the Art 
- Decoding of ECoG signal with a deep learning approach for BCI Applications - 

 

A.1 Introduction 
 

This state of the art is written with the intent of understanding current concepts of deep learning and 

analysing how it is used into decoding of human movements for Brain-Computer Interface (BCI), 

especially with electrocorticogram (ECoG) signal.  This includes an overview of deep learning theory 

and ECoG signal acquisition. Finally, the presentation of the current deep learning algorithms for 

decoding movement is done.  

 

A.2 Brain-computer interfaces 
 

Brain-Computer Interfaces (BCI) are systems that translate brain neuronal activity into instructions for 

specific applications. Motor imagery BCI systems are based on the following principle [1] (Figure 1). 

Patients imagine doing a movement. Neuronal signals are captured thanks to a recording system (e.g. 

electroencephalogram (EEG), ECoG …) (Figure 1A). Then, signals are processed in order to decode the 

movement intention (Figure 1B). Finally, the corresponding commands are sent to an effector (robotic 

limbs, wheeling chair, exoskeleton…) (Figure 1C).  

 

Figure 1 : Example of ECoG-based motor BCI system. 

The patient thinks about doing a movement. A: WIMAGINE® implant records brain signals generated and 

transmits them through a wireless connection. B: Real-time algorithm decodes brain signals and transmit a 

command to the exoskeleton. C: The exoskeleton executes the movement. [2] (Copyright © 2011, IEEE) 

 

 The goal of the signal-processing phase is to extract from brain signals features to interpret the 

planed movement. In general, algorithms analyse neuronal signals by applying several temporal or 

spatial filters in order to extract brain activity patterns. Finally, these patterns are decoded and turned 

into commands for an effector. BCI system requires two phases, a first one for the calibration of the 

system (mainly during an offline step). The second one translates brain activity into commands in real 

time (in the online step). 

 BCI systems are in continuous evolution and from the last ten years, researchers tackle several 

challenges such as low signal-to-noise ratio of EEG, the limited amount of training data, or the lack of 
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stability between brain signals over sessions of one patient [1]. Nevertheless, BCI systems promise to 

numerous patients a recovery of their independency. Several projects are already in clinical trial. For 

example, an American team has developed a BCI system to command single-joint and coordinated 

multi-joint arm movements for tetraplegic patient [3]. Research center CEA/LETI/CLINATEC® 

designed an implant WIMAGINE® to record ECoG in order to a quadriplegic patient controls an 

exoskeleton [4]. This implant was design for a long-term clinical trial called “BCI and tetraplegia” 

(NCT02550522). 

A.3 ElectroCorticoGraphy signal  
 

Neuronal activity can be measured by several technologies. Most developed techniques are 

ElectroEncephaloGraphy (EEG), Intracortical MicroElectrode Array (MEA) and ElectroCorticoGraphy 

(ECoG) [2]. In this section, we will focus on the ECoG recording.  

 

A.3.1 Signal acquisition 

 

For the ECoG recording, electrodes are implanted above or below the dura matter [4]. Electrodes are 

mainly placed in grid or strips (typically 6*6 or 6*8) and they are composed of platinum/iridium for 

biocompatibility issues. For BCI projects, grids are often placed over the motor or pre-motor cortex to 

record neuronal activity related to a movement. The main use of ECoG implant is to obtain a pre-

neurosurgery epilepsy diagnosis. Therefore, some researchers use this implantation to conduct different 

BCI tasks on these patients in order to construct a database and to study precisely movement areas in 

the brain [5,6]. This implant can stay maximum 28 days due to biocompatibility issues of long-term 

implantation. Yet, CEA/LETI/CLINATEC® designs an epidural wireless 64 electrodes ECoG implant 

called WIMAGINE®, for long-term implantation. This implant is designed for quadriplegic patients 

with two implants placed over the motor cortex for the long-term clinical trial. 

ECoG recordings provides several advantages in comparison to others. Unlike EEG signals, 

ECoG ones are less noisy and electrodes are placed over a small cortical area, to obtain a better spatial 

resolution. Moreover, they are less invasive than MEA implants. 

 

A.3.2 Extracting ECoG information  

 

ECoG signals may require spatial filtering for decoding signals but it is not necessary. This 

filtering combines electrode activities to compute for example original signals from the brain surface 

(sources).  In this way, the number of sources is often less than the number of electrodes. To decode 

signals, ECoG requires also temporal filtering. This step allows extracting temporal frequencies content 

of signals, for the movement trigger. This filtering is very studied and the results put forward that the 

most informative frequencies are between 65 Hz and 200 Hz [7–9]. The 0-6 Hz and 7-13 Hz frequency 

bands are also informative (Figure 2 and 3). This extraction is generally followed by a power 

computation of these temporal frequency components [7].  
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Figure 2 : Average time frequency map related to 

movement starting (Extracted from [6] Copyright © 

2011, IEEE)  

  

Figure 3 : Classification of accuracy decoding 

according to frequency bands (three subjects 

(Extracted from [6] Copyright © 2011, IEEE) 

This figure puts forward informative frequency bands 

related to the movement excecution. Red frequencies, 

65-200 Hz, appear after the start of the movement and 

blue frequencies, 0-13 Hz appear before the 

movement. 

This graphic puts forward the most informative 

frequency band according to its classification 

accuracy. In all cases, the most informative band is 

the 65-200 Hz. 

  

A.4 Deep Learning 
 

Deep learning appears in the nineties with Le Cun et al [10] for recognition tasks but huge progress has 

been made for a decade with the improvement of computation power of machines or the development 

of competitions (as ImageNet image classification challenge) [11]. Deep learning is a part of machine 

learning and now, deep learning is in expansion. The structure is inspired by biological neuron 

communications, where each layer of the network analyses data from the previous layer. The principle 

is to give input data and target (real output data) to the network in order to find the best predictions (the 

closest to the target).  

A4.1 Structure and concepts 

 

In Deep learning, the network is organised in layers: Input, hidden and output layers. Each layer 

is made of neurons that communicate layer by layer. Figure 4 illustrates an example of deep learning 

network [12]. Circles represent neurons and arrows the ways of communication between them. The size 

of the input layers depends on the size of the input data as the output layer size depends on the size of 

targets. x represents input data and y are predictions (outputs calculated by the network). ytarget are targets 

given to the network to compare with predictions and improve its computation to obtain predictions as 

close as possible to targets.  
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Vectors 𝐱
[i]
∈ ℝ2and 𝐱

[i+1]
∈ ℝ² represent respectively data in layer i and in layer i+1. To 

compute in next layer, input data 𝐱
[i]
 are scaled by weights (𝐖

[i+1]
∈ ℝsize layer i × size layer i+1) and bias 

(𝐛
[i+1]  ∈ ℝsize layer i+1), and an activation function σ  is applied.  For computing data at layer 2 with 

the example in figure 4, the equation is:  

𝐱
[2]
= σ (𝐖

[2]
𝐱
[1]
+ 𝐛

[2]
)                                                       (1) 

In this way, each layer computes values of their neurons by the previous values, until the output 

layer. The following equation illustrates Figure 4. This computation is called the forward pass.  

𝐲(x) = 𝛔 ( 𝐖[4] ∗ 𝛔 (𝐖[3] ∗ 𝛔 (𝐖[2] ∗ 𝐱
[𝟏] + 𝐛[2]) + 𝐛[3]) + 𝐛[4])                       (2) 

 We need to find the best weights and bias which correspond to target data. To do this, the 

network should be trained. This step is called training phase. Target data are given to the network and it 

updates weights and bias by using a cost function 𝜑(𝛉) (also called loss function) where 𝛉 depicts vector 

of parameters of weights and bias. Cost function compares the output of the network with given targets 

in order to update parameters and minimizes the cost function.  

 The choice of the loss function depends mainly on the use of the neural network. For 

classification (outputs are labels), loss function is in general the cross entropy function [13]. For a 

regression (outputs are continuous data as trajectory), the major loss function used is the mean squared 

error [13].  

A4.2 Weight and bias updating 

 

Weights and bias need to be optimized in order to compute the most accurate prediction as possible at 

the end of the training process.  This optimization occurs as an iterative procedure described in algorithm 

1 [13].  
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Figure 4 : Illustration of a deep learning network.  

This neural network was built with one input layer, two hidden layers and one output layer. Circles illustrate 

neurons and arrows the way of communications. Input data was given to the input layer. During the training 

phase, the network computes predictions as close as possible to target data. 
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 An epoch defines a full pass of the input data in the network and the number of epochs represents 

the number of times that the training set is used. At each epoch and at each training example, the 

algorithm computes the gradient of the loss function and updates parameters (represented here by θ) 

according to an update rule. In the following example (Algorithm 1) the update rule uses is the Gradient 

Descend Method (GDM). The parameter η represents the step size for weights and bias updating. 

Algorithm 1:  For N epoch 

   For each training example 

    - Compute loss gradient:    
𝜕𝜑(𝛉)

𝜕𝛉
 

- Update θ according to the update rule:    

   𝛉 ≔ 𝛉 − 𝜂
𝜕𝜑(𝛉)

𝜕𝛉
 

 

During the forward propagation, the network computes the prediction and at the end, it computes 

the loss function. To update weights, the network uses the backpropagation to compute gradient at each 

layer (Figure 5). With the example in figure 5, first, the derived loss function according to weights of 

4th level is computed and then, these weights are updated. Secondly, the gradient according to weight of 

3rd level is computed and weighs are updated too. Systematically, the network will update weights from 

the end to the beginning of the network. Therefore, one iteration contain two steps: The forward and 

backward propagation. These steps come one after the other until the end of the training stage. These 

iterations with forward and backward propagation are the main concept of deep learning.  

 

Figure 5 : Back propagation.  

Firstly, the network computes gradient for weights in layer 4 then update them thanks to an update rule. Then, it 

computes the same for weights in layer 3. And so on until the first layer. 

However, computing gradients for the whole training set for only one update is very time and 

memory consuming. To avoid this, the whole training set is sub-divided into small groups, called 

batches. Now, at each batch, the gradient is the mean of gradients over training examples including into 

the batch:  

Algorithm 2: For N epoch 

   For each training batch G 

    - Compute loss gradient:  
𝜕𝜑(𝛉)

𝜕𝛉
=  

1

|𝐺|
∑

𝜕𝜑𝑥(𝛉)

𝜕𝛉𝑥 ∈𝐺  

- Update θ according to the update rule:            𝛉 ≔ 𝛉 − 𝜂
𝜕𝜑(𝛉)

𝜕𝛉
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 In this way, the computed gradient is more accurate and batches allow faster computation and 

leads to a smoother convergence [14]. 

 The choice of the learning rate η is a challenge for deep learning algorithms. If it is too small, 

many iterations are done until convergence and it can lead loss function to a local minimum. If learning 

rate is too large, it can lead to overshooting: loss function will never converge [14].  

 The last influence on weights and bias updating is update rule. The choice of the learning rate 

can be difficult. Using the same learning rate for all weight and bias can lead also the neuronal network 

to a collapse of performance. [14] To avoid this, some update rules include an adaptive learning rate 

such as Stochastic GDM with momentum, Root Mean Square Propagation (RMSProp), Adaptative 

moment estimation (ADAM), etc. [14]. The principle behind these update rules is to construct a new 

parameter with a fixed learning rate over training. Yet, this new parameter evolves during training and, 

according to the update rule, parameter values depend also on weights computed. In this way, each 

weights and bias are updated independently from each other. 

A4.3 Specific Layers 

 

Some layers in deep learning network have specific applications as convolutional layers, recurrent neural 

network or dropout layers. They allow networks to do some specific computations.  

A4.3.1 Convolutional Neural Network 

 

Convolutional neural network (CNN) is one of the most popular tools [11]. It is based on the same 

principle of discrete convolution. The algorithm uses a kernel to compute a new value by a linear 

combination of a fraction of data by values in the kernel. The kernel moves along data depending on the 

stride value (Figure 6).  

Currently, transposed convolutional layer (Figure 7) is used more and more [11]. The most 

useful application in transposed convolution layer is to do an upsample of data. In fact, it can be defined 

as going backward of convolution operation. As in convolution layer, weights in the kernel are learnable.  

                       

Figure 6 : Convolution Layer.                Figure 75 : Transposed Convolution Layer. 

Input data is represented in light blue. A kernel (in black) moves along two directions to compute one output data 

(in dark blue). To do it, input values were scaled by corresponding values on the kernel. At the end, all output data 

was computed (in blue). 
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The difference between discrete and deep learning convolution comes from the fact that kernel 

values are weights, so they change along the training. The network learns to use the best kernel to realize 

the most accurate prediction at the end.  

Another application of this type of layer is the pooling layer. Pooling layers are used to reduce 

the size of feature maps and provide invariance to small translations [11]. The two most used pooling 

computations are the Max Pooling (Figure 8) and the Average Pooling. The first selects maximum value 

under the kernel and the second computes the mean value.  

 

Figure 86 : Max Pooling Layer.  

Kernels are represented in colours (blue, yellow, orange and green). Under each kernel, the maximum input value 

is selected as the output data. 

A4.3.1 Recurrent Neural Network 

 

The second major class of neural network is the recurrent neural network (RNN) [15]. In this type of 

network, neurons transmit information to themselves. In this way, during the training, neurons use 

previous information to compute the current one. Here, neurons are called units or cells. This layer is 

used mainly to detect sequences inside data and keep in mind the time dependency of them. A convenient 

representation is the unfold one, a chain that represents the same cell but at different time steps (Figure 

9). In the unfold representation, t is a time step, U are weights on current data xt, W depict weights on 

previous hidden state ht-1. This helps to compute the current hidden state:  

𝐡𝐭 = 𝑓(𝐔𝐱𝐭 +𝐖𝐡𝐭−𝟏) ,  Where f is an activation function                          (3) 

 Finally the output data at the time step t (yt ), can be computed by : 

𝐲𝐭 = 𝑔(𝐕𝐡𝐭), Where V are weights and f is an activation function                     (4) 

 

Figure 9 : Representation of a recurrent layer.  

In the fold representation, U is the weights’ vector on current data x, W depicts the weights’ vector on previous 

hidden state h. y represents output data. In the unfold representation, t is a time step and xt-1 depicts data at time 

step t-1. yt represent output data at time step t. 
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Weights updating follow the same type of rules. They use backpropagation and update rule to 

adapt weight values. However, in this case the backpropagation is called backpropagation thought time. 

The loss gradient at the cell state t takes into account the previous contributions of weights at previous 

time step.  

The major problem of this gradient computation is the vanishing issue [16]. Due to several 

multiplications between gradients over the time, the gradient value become too small to update 

parameters correctly. To prevent it, recurrent layers are built with gated cells [17]. These gates are logical 

(0 or 1) and in this way, network is able to forget some information along training.  

These layers are called Gated Recurrent Unit (GRU) or Long Short-Term Memory (LSTM) 

layer [17]. GRU layer contain one gate on the current data and the inverse gate for the previous 

information. LSTM has two different gates for the coming and the past information.  Even if it is more 

complicated, LSTM layers are more powerful and more flexible than GRU layers. Finally, the last layer 

type is the bidirectional LSTM layer. In this case, computations are in the forward way (as previous) but 

also in the backward way (in addition to backpropagation). It is like the cell getting information form 

the past but also form the future states.  

A4.3.3 Dropout layer 

 

Finally, another important layer is the dropout layer [18]. In this layer, the network turn off some neurons 

with a probability p. Therefore, the shutdown neurons may not be used to compute predictions in the 

forward propagation and to update weights in the backward propagation.  

 

Figure 10 : (Left) Before Dropout, (Right) After Dropout.  

Circles represent neurons and arrows the way of communication. After dropout, some neurons are turned off 

(illustrated in light blue on the right figure) 

The turn off of neurons leads to reduce the number of parameters which allows to prevent 

network overfitting [18].  The overfitting defines a network that learn by heart the training data but 

which is not able to give consistent results with test data. The drawback is that the network needs more 

time to learn.  
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A.5 Decoding movement by deep learning from neuronal signals 
 

First deep learning algorithms for decoding movement appears in a decade. Mainly, they are used to 

classify EEG signals in order to interpret the thought [19–23]. However, deep learning to decode ECoG 

hasn’t been much reported in literature [24,25].   

A.5.1 Recording of ECoG signals 

 

Nowadays, several methods are used to decode ECoG signal for BCI application. For multi-limbs 

control, the state of the art is based on switching models with machine learning approach. The principle 

is to extract from one recoding, different features according to applications. For example, in finger 

decoding movement, six switching models will be evaluated, one for each finger decoding and the last 

for the resting state. In this way, each switching model is considered as an “expert” to decode one 

movement [26,27].  

For a deep learning algorithm, two approaches were chosen from two different teams. Wang et 

al [24] based their neural network on multimodal network, mainly use in speech recognition or speaker 

identification. For the second team, Xie et al [25], they chose to construct their network as a feature 

extraction pipeline, commonly used in some BCI projects. These works were developed especially for 

ECoG signal decoding. But Wang et al [28] also develop a network which combine target prior method 

with deep learning algorithm and apply to ECoG decoding as an application. However, the network was 

not specifically detail in the article so we will not explain more.  

A5.1.1 AJILE Movement Prediction: Multimodal Deep Learning for Natural Human 

Neural Recordings and Video [24] 

 

Wang et al [24] are the first to implement a neural network to decode ECoG signal for movement 

detection or prediction. They used a huge database called AJILE, gathering 4 epileptic subjects with 80 

to 94 electrodes implanted subdurally. Authors record continuously ECoG activity and patient video, 

without asking him to do specific movement, for 7 days. They only analyse video to determine which 

movement the patient achieved actually. 

Three different models were implemented (detection, prediction and back prediction) by 

selecting one-second signal containing the movement (detection), before the movement (prediction) and 

more before (back-prediction). This 1-second frame selection establishes input data.  To improve the 

accuracy, they pair ECoG decoding by video analyses. In this way, ECoG signals deliver neuronal 

activity and video gives the context of the movement. The network was constructed as two parallel 

networks, first decoding ECoG and the second analysing video. Successive convolutional and pooling 

layers allow the network to extract power frequency feature of ECoG signals (Figure 11). These 

networks ended by fully connected and dropout layers, then extracted features from ECoG and video 

were gathered and sent to a LSTM layer to put forward time-dependency features.  

They conduct several studies to perform their network, such as the best location for the junction 

between video and ECoG data (before or after CNNs). They also investigate on the importance of the 

CNN layers before the sequential layer and finally the best dimension for convolution. To proof the 

efficiency of their model, they compare model performances to a traditional linear SVM classifier. They 

also investigate on the resilience of their models (by electrode ablation). They firstly demonstrate that 

deep learning approach can be used to decode movement. Moreover, their models predict more 
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efficiently the movement than standard decoders do. By analysing filters from their network, they study 

the power bands that the network chose to extract.  

However, this last study is not deeply investigated in the article. They also do not justify and 

explain their choices for filter size. A study with different filter sizes could be led. The power bands 

extraction by the network is not very clear by analysing it. They also hypothesize that the time-frequency 

domain is more informative than spatial domain without delivering any proof before or after their 

research. Some investigations such as the number of layers, the number of filters or the number of units 

in LSTM could be done too. Finally, other standard decoders could be tested to reinforce their results.  

A5.1.2 Decoding of finger trajectory from ECoG using deep learning [25] 

 

The second publication about ECoG decoding by deep learning is conducted by Xie et al [25]. They 

used data collected by Kubanek et al [6] on three epileptic subjects implanted with 8*8 or 8*6 subdural 

electrode grid. They record 600s of neuronal activity and ask patients to move fingers. A data glove 

collected position finger. For the study, they split data in frames of 1 second with a stride of 40 ms. For 

each frame correspond finger position at each 40ms.  They build model for each finger in order to predict 

its position.  

 They construct their models based on the extraction feature pipeline. The first convolution layer 

realizes a spatial filtering with weights initialised by an un-mixing matrix computed with FastICA. Then, 

three successive convolution layers generate a temporal filtering based on a three-level discrete wavelet 

transform. Biorthogonal wavelet 6.8 filters at three different scales initialised weights. A pooling layer 

computes the log power-frequencies of bands. Finally, an LSTM layer capture temporal dependency 

(Figure 12). 

 This model allows computing features of the signal. With this network, the study of spatial 

weights at the end of the training enables to see which ECoG channels was selected by the network as 

more informative. The same study was conducted on temporal convolution weights to investigate on 

frequency band information. The authors conduct investigations on their network in order to make 

several simplifications (as optimizing the number of temporal convolution layer) and prune the network 

to obtain for example only 5 filters at the end of temporal layers. Finally, they show that their models 

give best accuracy predictions than several other models.  

 However, by analysing the filter band of biorthogonal wavelet 6.8 filters, it shows that the 

frequency band computed by the discrete wavelet transform at the last scale is : [0;66], [66;132], 

[132;184], [184;265], [265;316], [316;368], [368;434], [434;500]. Yet, ECoG signals was band pass 

filtered between 0.15 and 200Hz. Therefore, the selection of the cut of frequency at the first layer could 

be adjusted with the final band pass. At least the pruning could be more general and select only three-

band pass at the end. Moreover, instead of using three layers to compute temporal filtering, only one 

with eight filters (or three after pruning) could be used in order to simplify the network. Finally, authors 

do not test the robustness or the resilience of their network.   

These publications have two different approaches to extract features. Yet, we see some 

similarities: all use CNNs to compute features (Wang et al [24] demonstrate its necessity) and use LSTM 

layer at the end to capture the time dependency.  A temporal filtering is also present here however none 

of them make a deep investigation on filters after training (especially size of frequency band) to compare 

with literature on feature computation for ECoG signals [7].  
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A.5.2 Other brain signals recording 

 

Deep neural network was already used and documented for decoding brain signal as EEG 

[19,20,23,30,31], magnetoencephalography (MEG) [29] or MicroElectrodeArray (MEA) [32]. 

However, EEG, ECoG or MEG capture electrical or magnetic signals from a population of neurons. On 

another hand MEA signal represents single or multi neurons activation, as spike, but this signal is very 

different from the previous. Therefore, this difference affects choices for neural network architecture. 

Therefore, we prefer to focus this last part on similarities and commonly used neuronal networks for 

EEG and MEG signal. 

 The most used neural network organisation is the extraction feature pipeline. This network was 

made with a convolutional layer for spatial filtering, one for temporal filtering and a final one fully 

connected. The major difference between these networks was the number of layers for the temporal 

filtering. Some teams use only one convolution layer [19–21,29] and others chose several layers [22,23]. 

Moreover, the feature computation can differ. For example, some of them only compute feature after 

band pass [19,21,22], but others prefer to compute the power-frequency bands [20,30,31]. Finally, some 

teams used recurrent neural network to capture time sequences. However, several choices, especially 

for parameters were not justified in these articles and due to differences between original signals or the 

application of their neural network (Motor imagery, Emotions detection, ect), it is intricate to compare 

their performances. 

However, some teams chose to construct their neural network without the common feature 

extraction pipeline. This type of network is based on the network used for image classification. They 

are made of several convolution layer, which reduce progressively data size [23]. No feature domains 

was specifically extracted, the network search patterns directly inside the raw signals.  

To conclude, spatial and temporal filtering architecture is the most used for brain signal 

decoding, but a lack of study with same signals and application missing to determine the most effective 

parameters.  

 

A.6 Conclusion  
 

Currently, decoding ECoG signals with deep learning approach was not investigated deeply and several 

possibilities are still conceivable. A general construction emerge with spatial and temporal filtering, 

followed by power feature computation and ended by a LSTM layer for time dependency. However, a 

precise study of filters after training is still missing in the literature and several choice justifications for 

parameters (learning rate, update rule,ect) still lack. Other layers as dropout and activation function 

remain a possible study too. No study was led to decode ECoG for an unsupervised deep neural network. 

Finally, a neural network based on swiching models is not yet developed and it could be the future step 

of deep learning algorithm in ECoG decoding for BCI application.  

Future challenges for this application for BCI project remain problematic. To train network, it 

needs a huge database and it is time consuming. Moreover, an online process and updating the network 

seem complicated for BCI. Overfitting is the major issue for deep learning algorithm. A network cannot 

converge if there are too much parameters. Finally, adaptability and robustness of neural network are 

not studied enough for this BCI task with several paradigms.  
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Appendix B: Initialization and optimization of the network  
 

B.1 Spatial layer 

 

The following table presents the decoding performances computed with the LASSO study on the test 

set. The Matlab function LASSO gives coefficients to features for several regularization parameters. We 

select the best regularization parameters value thanks to the validation set. Sources selected by LASSO 

are introduced in the second table. We generally find shared sources over the different subjects.  

 Subject 1 Subject 2 Subject 3 

Thumb 0.68 0.60 0.78 

Index 0.67 0.36 0.48 

Middle 0.31 0.37 0.61 

Ring 0.53 0.40 0.38 

Little 0.44 0.31 0.50 

Decoding performance for each finger of each subject. Decoding performances are measured by the correlation coefficient 

between LASSO prediction and binary target vectors on test set. 

Sources selection by LASSO. LASSO with L1 penalization allows reducing the numbers of features by selecting the most 

informative and setting others to 0. This table shows the sources selected by LASSO for each finger.  

Correlation coefficient are not convincing for all tasks. The next table 5 introduces the list of 

relevant sources for each subject, correlated to the decoding performance of the LASSO study. 

Selection of the five most informative sources thanks to LASSO, for each subject. They are obtained by multiplying the weight 

of each sources according to LASSO for each finger (table 5) by the decoding performance from table 3. 

 Thanks to this last table, spatial reduction can be performed during the spatial filtering.  

 

 

 

 

 

 

 

 

 Subject 1 Subject 2 Subject 3 

Thumb 2, 25, 55 17, 18, 32, 36 16, 20, 23 

Index 24, 28, 55 17, 18, 27 6, 19, 27 

Middle 18, 53, 60 14, 17, 27 23, 36, 40 

Ring 12, 16, 44 17, 24, 27 32, 34, 50 

Little 2, 12, 16, 24 19, 24, 27 16, 46, 58 

 Subject 1 Subject 2 Subject 3 

Sources selecting 2, 12, 16, 24, 55 17, 18, 24, 27, 32 16, 23, 40, 58, 20 
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B.2 Temporal layer 

 

The following figure shows the band pass nature of the 8 wavelet filters (right). The table presents the 

bandwidth of them.  

 

Name 
Filters at scale 3 

Band pass 

(Hz) 

HHH H(2z)*H(z²)*H(z4) [316;368] 

HHL H(2z)*H(z²)*L(z4) [265;316] 

HLH H(2z)*L(z²)*H(z4) [368;434] 

HLL H(2z)*L(z²)*L(z4) [434;500] 

LHH L(2z)*H(z²)*H(z4) [132;184] 

LHL L(2z)*H(z²)*L(z4) [184;265] 

LLH L(2z)*L(z²)*H(z4) [66;132] 

LLL L(2z)*L(z²)*L(z4) [0;66] 

 

 

 

 

Filters HHH, HHL, HLH and HLL have band pass higher than 200 Hz. Therefore, ECoG signals 

were band pass filtered between 0.15 and 200 Hz. So, these four filters can be suppress.  

 

 

Appendix C: Study of the poolSize influence on decoding performance (for subject 

1) 
 

poolSize value 1000 100 50 40 

Accuracy on test set 52.7 % 58.3 % 54.5 % 54.7 % 
 

This table presents the decoding performance on the test set against different poolSize values. For a poolSize value equals to 

100, we obtain best accuracy. 

 

 

 

 

 

 

LLL 

LLH 

LHH 

LHL 

HHL 

HHH 

HLH 

HLL 

Band pass of the 8 filters. Right: Filter nature of 8 filters equivalent to the band pass obtained with an undecimated WT with 

3 scale. Left: the precise band pass of these filters 
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Appendix D: Confusion matrices of test set for the model with an unmixing matrix 

initialization. 
 

 

 

 

          

 

These confusion matrices come from predictions of our model compare to targets. In this study, our ANN was initialized with 

an unmixing matrix. These matrices were computed on test set a) for the subject 1, b) for subject 2 and c) for subject 3. 

 

 

 

 

      

a) b) 

c) 
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Appendix E: Confusion matrices of test set for the model with a random 

initialization 
 

 

These confusion matrices come from predictions of our model compare to targets. In this study, our ANN was initialized with 

a random initialization. These matrices were computed on test set a) for the subject 1, b) for subject 2 and c) for subject 3. 

 

 

 

 

 

 

 

a) b) 

c) 
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Appendix F: Confusion matrices of test set for the model with a constant 

initialization 
 

 

These confusion matrices come from predictions of our model compare to targets. In this study, our ANN was initialized with 

a constant initialization. These matrices were computed on test set a) for the subject 1, b) for subject 2 and c) for subject 3. 

 

 

 

 

 

 

 

a) b) 

c) 
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Appendix G: Spatial weights before and after training for different initializations 

(Subject 1) 
 

 

                

            

 

 

 

 

 

Spatial weights before and after training for three different initializations, subject 1. The upper figure represents spatial weights 

before training and the lower figure illustrates weights after training. Weights were normalized along sources a) Weights were 

initialized by FastICA unmixing matrix, b) by random values, c) by constant value. d) List of electrodes with a normalized 

weight after training equals to 1. 

 

 

 

 

 

 

 

Initialization type Most selected channels 

FastICA unmixing 

matrix 

1, 8, 39, 43, 58 

Random 1, 39, 43, 58 

Constant 1, 3, 39, 43 

a) b) 

c) 
d) 
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Appendix H: Spatial weights before and after training for different initializations 

(Subject 2) 
 

 

 

                 

            

 

 

 

 

 

 

 

 

Spatial weights before and after training for three different initializations, subject 2. The upper figure represents spatial weights 

before training and the lower figure illustrates weights after training. Weights were normalized along sources a) Weights were 

initialized by FastICA unmixing matrix, b) by random values, c) by constant value. d) List of electrodes with a normalized 

weight after training equals to 1. 

 

 

 

 

 

 

Initialization type Most selected channels 

FastICA unmixing 

matrix 

8, 22, 24 

Random 8, 22, 24 

Constant 8, 18, 22, 24 

a) b) 

c) 
d) 
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