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Abstract—EEG inverse problem is generally underdetermined, 

which poses a long standing challenge in Neuroimaging. The 

combination of source-imaging and analysis of the cortical 

directional networks enables us to noninvasively explore the 

underlying neural processes. However, existing EEG source 

imaging approaches mainly focus on performing the direct inverse 

operation for source estimation, which will be inevitably 

influenced by noise and the strategy used to find the inverse 

solution as well. In current work, we develop a new source imaging 

technique, Deep Brain Neural Network (DeepBraiNNet) for 

robust sparse spatiotemporal EEG source estimation. In 

DeepBraiNNet, considering that Recurrent Neural Network 

(RNN) are usually “deep” in temporal dimension and thus suitable 

for time sequence modelling, the RNN with Long Short-Term 

Memory (LSTM) is utilized to approximate the inverse operation 

for the lead field matrix instead of performing the direct inverse 

operation, which avoids the possible effect of the direct inverse 

operation on the underdetermined lead field matrix prone to be 

influenced by the noise. The simulations on various source 

patterns and noise conditions confirmed that the proposed 

approach could actually recover the spatiotemporal sources well, 

outperforming the existing state of-the-art methods. Furthermore, 

DeepBraiNNet also estimated sparse MI related activation 

patterns when it was applied to a real Motor Imagery dataset, 

consistent with other findings based on both EEG and fMRI. 

Moreover, based on the spatiotemporal sources estimated from 

DeepBraiNNet, we further constructed the MI related cortical 

neural networks, which clearly exhibited the strong contralateral 

network patterns for the two MI tasks. Consequently, 

DeepBraiNNet may provide an alternative way different from the 

conventional approaches for spatiotemporal EEG source imaging. 

 

Index Terms—Cortical neural networks, Long Short-Term 

Memory Network, EEG source imaging, spatiotemporal EEG 

sources. 
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I. INTRODUCTION 

EG source imaging is a non-invasive approach used to 

study neural activity with high temporal resolution and it is 

relatively inexpensive. EEG records the measurements on 

the scalp originating from neuronal firings inside the brain. 

Nevertheless, noise emanating from various sources such as the 

head and muscle movements, or eye blinks is inevitable in EEG 

recordings.  

   As a result of volume conduction, EEG generally has a poor 

spatial resolution. However, EEG is known for its great 

temporal resolution (millisecond) which is also valuable for 

capturing the brain dynamic changes. Consequently, 

sophisticated analysis techniques that can capture the EEG 

temporal information are still a great necessity. 

   As aforementioned, EEG inverse problem is typically ill-

posed since various source configurations in the cortex can 

produce the same topology recorded on the scalp [1]. 

Consequently, various researches have proposed ways to solve 

the EEG inverse problem by enforcing regularization 

constraints in order to “encourage” relevant biological solutions 

consistent with the physiological basis [2].   

   In this perspective, EEG source imaging methods such as the 

L2-norm regularization minimum norm estimate (MNE) [3] 

and low resolution electromagnetic tomography (LORETA) 

[4][4] were introduced. Nevertheless, L2-norm regularization 

based method tends to give shallower neural sources than the 

actual truth. Apart from the regularization techniques, other 

methods such as the Bayesian-based ones including Variational 

Bayes (VB), Spatio-Temporally Regularized Algorithm for 

M/EEG Patch Source imaging (STRAPS), and Bayesian 

Electromagnetic Spatio-Temporal Imaging of Extended 

Sources (BESTIES) EEG source imaging approaches have been 

proposed [5-7]. Besides, the integration of temporal and spatial 

information from M/EEG and fMRI data has also eared much 

attention recently, which promotes the development of fMRI-

informed constraint EEG source location strategy [8-12]. These 
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methods usually utilize fMRI information as a spatial constraint 

for EEG source localization [11]. However, one big challenge 

for this strategy lies in that the mismatch between a single static 

fMRI map and consecutive snapshots of EEG/MEG during the 

same period can lead to biased estimates such as the fMRI extra 

sources [11]. To overcome this limitation, other time-varying 

based integration methods need to be further developed [8, 12]. 

   Considering the sparse activations in the high cognitive 

process which have been observed using other measurement 

modalities methods including fMRI (functional magnetic 

resonance imaging), neural spiking, and positron emission 

tomography (PET), researchers have proposed certain 

approaches aiming at estimating sparse EEG solutions. These 

include the self-coherence enhancement algorithm [13], Lp 

norm iterative sparse source (LPISS) [14], the L1 norm solution 

(i.e., the least absolute shrinkage selection operator (LASSO)) 

[15], Solution Space Sparse Coding Optimization (3SCO) [16], 

Least Absolute L-P Penalized Solution (LAPPS) [17-19], and 

simultaneous orthogonal matching pursuit (SOMP) [20].     

   Nevertheless, no matter what strategies are used, these 

classical EEG source imaging approaches such as LORETA, 

SOMP, LASSO, MNE, among others, show instabilities owing 

to noise sensitivities, source configurations and also the initial 

source configurations [21-23]. Moreover, selecting the optimal 

regularization values for those approaches is a crucial issue 

since when setting suboptimally, minor perturbations in the 

dataset can yield neurophysiologically unreasonable outcomes 

[24]. 

   In recent years, Deep learning has developed rapidly and is 

now the state of the art in the recognition of visual objects, in 

comprehending natural language, and other fields such as in the 

analysis of biomedical signals and images [25-27]. Recurrent 

neural network (RNN) with LSTM (which effectively captures 

long-term temporal dependences) has been used in a vast 

number of applications where sequential data is involved. 

Unlike simple recurrent networks (SRNs) [28, 29], LSTM is not 

limited by the hurdles of optimization. However, little progress 

has been made in investigating the application of deep learning 

for EEG source estimation. In essence, EEG source estimation 

could be attributed to the solving of an underdetermined linear 

system [16], which is equivalent to the recovery of source 

signals from few observations.  

     Considering the limitations of the traditional EEG source 

imaging methods mentioned above such as the instabilities 

owing to noise sensitivities, source configurations, and also the 

challenges in selecting the optimal regularization values, and 

motivated from the merit of deep learning to recover source 

signals from the under-sampled recordings, we proposed an 

approach (DeepBraiNNet) utilizing RNN with long short-term 

memory (LSTM) cells to recover EEG sources signals from the 

under-sampled EEG recordings. Advantages of DeepBraiNNet 

as a supervised learning method include the fact that the 

algorithm is trained with labeled data and can learn from past 

data. It is also a relatively simple method in terms of 

computational complexity and yields highly accurate and 

trustworthy results. Moreover, specifically considering the ill-

posed EEG inverse problem, compared to the classical source 

imaging approaches, DeepBraiNNet uses the recurrent neural 

network with LSTM structure to approximate the inverse 

operation for the lead field matrix thus avoiding the possible 

effect of the direct inverse operation on the underdetermined 

lead field matrix. 

     The remainder of this work is arranged as follows: We 

present the proposed source analysis method, DeepBraiNNet, 

in the next section, then we demonstrate the network analysis 

protocol in Section III. Furthermore, we give the results and 

discussion in Sections IV and V. Finally, Section VI concluded 

our work.  

II. SOURCE ANALYSIS 

   In EEG source imaging, our goal is to find the positions and 

configuration of the activated sources in the cortex based on the 

scalp EEG measurements. This can be mathematically stated as: 

                    𝑉 = 𝐿𝑋 + 𝐸                                                     (1) 

where 𝑉 = [𝑣1, . . . , 𝑣𝑡 , . . . , 𝑣𝑇] ∈ ℝ
𝑚×𝑇 gives the scalp 

measurements from 𝑚 EEG electrodes, at 𝑇 time points, and 

𝑣𝑡 ∈ ℝ
𝑚 indicates the observed EEG signal at a certain time t. 

𝑋 = [𝑥1, . . . , 𝑥𝑡 , . . . , 𝑥𝑇] ∈ ℝ
𝑛×𝑇  is the densities of current on 

𝑛 cortical spaces, while 𝑥𝑡 ∈ ℝ
𝑛 denotes the source vector at a 

certain time t. 𝐿 ∈ ℝ𝑚×𝑛 denotes the lead-field matrix.  𝐸 ∈
ℝ𝑚×𝑇 is the noise introduced in the EEG recordings.           

The goal of EEG inverse problem is to find the 

sources  𝑋given the scalp EEG recording  𝑉 . In practice, the 

valid EEG sensor number is usually extremely smaller than that 

of sources to be estimated (i.e., m<<n). There exist various 

approaches to estimate EEG sources based on different 

considerations, and the mostly used ones will be briefly 

introduced in the following subsections.  

A. Existing EEG source analysis approaches 

Methods usually used for EEG source imaging can be 

classified as those that obtain smooth and sparse solutions. 

A.1. Smooth solution 

a.)  Minimum Norm 

The minimum norm estimate approach often tends to 

estimate superficial sources and cannot accurately find deep 

sources [3]. The MNE solution for equation (1) is given by:  

𝑋_𝑀𝑁𝐸 = argmin{∥ 𝑉 − 𝐿𝑋 ∥2
2+ 𝜆 ∥ 𝑋 ∥2}   (2)        

such that 𝜆 ≥ 0 is a regularization term. We find the solution 

as:  

                      𝑋_𝑀𝑁𝐸 = 𝐹𝑉                                                  (3)                                   

where 𝐹 = 𝐿𝑇[𝐿𝐿𝑇 + 𝜆𝐻]+, with 𝐻 ∈ 𝑅𝑚×𝑚 as the identity 

matrix. 

b.)  LORETA 

The weighted minimum-norm solution of the EEG source 

imaging problem (1) is given by: 

               {
min𝐽𝑋

𝑇𝑊𝑋

𝑠. 𝑡 𝑉 = 𝐿𝑋
                                                           (4)        

with W as the 𝑁 × 𝑁 weighted matrix. The solution is 
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𝑋_𝑤𝑀𝑁𝐸 = 𝐹𝑉 , with 𝐹 = 𝑊−1𝐿𝑇[𝐿𝑊−1𝐿𝑇]+ , where 

[𝐿𝑊−1𝐿𝑇]+ gives the Moore-Penrose pseudo-inverse 

of [𝐿𝑊−1𝐿𝑇].  
In LORETA [4], the weighted matrix 𝑊 is given by: 

𝑊 = 𝐵 × 𝑑𝑖𝑎𝑔(||𝑎1||, ||𝑎2||, . . . . , ||𝑎𝑁||)                          (5) 

here 𝐵 indicates the Laplacian operator while ||𝑎𝑖|| is the 

𝑖𝑡ℎ column norm of the Lead-field matrix.  

A.2. Sparse solution 

Specifically, considering the sparse brain activities in 

cognition tasks, it is necessary to jointly recover sparse sources 

from scalp EEGs. 

a.)  LASSO 

The Least Absolute Shrinkage Selection Operator (LASSO) 

enforces an L1-norm constraint in order to find a sparse 

solution. In an effort to solve the problem of the EEG inverse 

problem given in equation (1), LASSO solution is derived as: 

𝑋_𝐿𝐴𝑆𝑆𝑂 = argmin{∥ 𝑉 − 𝐿𝑋 ∥2
2+ 𝜆 ∥ 𝑋 ∥1}                      (6) 

whereby 𝜆 ≥ 0 is the regularization term. Equation (6) above is 

solved via the ‘least angle regression’ method [10].  

b.)  SOMP 

For SOMP [20], we can approximate solutions in a greedy way 

by successively picking atoms from  𝐿  to approximate the 

measurement signals  𝑉 ∈ ℝ𝑚×𝑇 . SOMP is summarized in 

Algorithm 1. The residual (𝑍(𝑞)) at every iteration 𝑞, comprises 

of the projection of each of the original signals 𝑣𝑡  onto the 

orthogonal complement of the span  𝐿𝑆𝑞 . At the onset the 

residual is selected equal to the original signal. The choice on 

which atom to select is based on the inner product sum of each 

atom 𝜙𝑗. SOMP stops after s iterations. 

 

Algorithm 1 EEG source imaging using SOMP  

Require: 𝑉 ∈ ℝ𝑚×𝑇, 𝐿 ∈ ℝ𝑚×𝑛 , 𝑠 ≥ 1.  
1: Initializing: 𝑍(0) ← 𝑉 and  𝑆0 ← 𝜙 

2: 𝑞 ← 0  

3: while 𝑞 < 𝑠 do 

4: Find the atom of 𝐿 which is to be added to the support: 

           𝑗𝑞 ← argmax𝑗(||(𝑍
(𝑞))𝑇𝜙𝑗||1) 

5: Support updating: 𝑆𝑞+1 ← 𝑆𝑞 ∪ {𝑗𝑞} 

6: Projecting each measured vector to the span 𝐿𝑆𝑞+1: 

                       𝑉(𝑞+1) ← 𝐿𝑆𝑞+1𝐿𝑆𝑞+1
+ 𝑉 

7: Projecting each measured vector to span (𝐿𝑆𝑞+1)
⊥: 

                       𝑍(𝑞+1) ← 𝑉 − 𝑉(𝑞+1) 
8: 𝑞 ← 𝑞 + 1 

9: end while 

10: return 𝑆𝑠 Last step support 

B. EEG source analysis based on the deep learning framework  

  As mentioned above, those existing EEG source analysis 

essentially work in an unsupervised way, i.e., they seek to find 

the EEG source solution straight-forward. However, owing to 

the underdetermination of EEG source imaging problem, 

finding the accurate inverse operator for equation (1) in a 

straight-forward way is extremely difficult. In view of the linear 

equation (1), the lead field matrix L works like a black box, 

which linearly maps the source configuration to the recorded 

scalp EEG. Mathematically, the black box could be 

approximated by a deliberately designed network structure. 

Therefore, motivated from the proven merit of deep learning in 

capturing the hidden information in time series, we proposed to 

use deep learning to estimate the EEG source solutions 

alternatively in a supervised manner.  

B.1. Deep Learning Architecture for EEG source estimation 

The proposed approach can be visualized as a greedy way 

which uses two steps in each iteration to reconstruct the EEG 

sources 𝑥𝑡 represented as columns of 𝑋, given the scalp EEG 

measurement vectors 𝑣𝑡  represented as columns of 𝑉 and the 

lead-field matrix 𝐿. Firstly, we aim to find the “location” (idx) 

of each non-zero entry in the vector 𝑥 ∈ ℝ𝑛 from equation (1), 

at each time point(𝑡 = 1 → 𝑇). This is done at every iteration 

of the algorithm and for each column of X by finding the 

conditional probability of each value of 𝑥𝑡  being non-zero, 

given the residuals of all previous sparse columns in that loop. 

Then we pick the entry that is most probable and include it in 

the support of 𝑥𝑡. We solve a least squares problem to find  𝑥𝑡 
given  𝑦𝑡 and  𝐿Ω𝑡 (which comprises of only those columns of 

𝐿  that are members of the support of  𝑥𝑡 ) so as to find the 

“location” of all non-zero values. After we have found the 

“location” of each these non-zero entries, we simply record the 

value of this location in a new vector such as  𝑥𝑛𝑒𝑤(: , 𝑡) ←
𝑥(𝑖𝑑𝑥) . The same procedure is repeated for all the time 

points(𝑇). 
Consequently, the residual matrix at 𝑗𝑡ℎ iteration is given by:        

                      𝑍𝑗 = 𝑉𝑗 − 𝐿
𝛽𝑗𝑋𝑗                                           (7) 

where 𝑋𝑗 denotes the estimation of the sparse matrix X at the 

𝑗𝑡ℎ loop, while 𝑉𝑗  is obtained from the forward problem (1) with 

𝐿𝛽𝑗  as a matrix comprising of only those columns of 𝐿 that are 

included in the support of  𝑥𝑡. 
In Fig. 1(a), we show an architecture of the proposed method. 

Specifically, we initialize the residual vector, 𝑍𝑡(1 ≤ 𝑡 ≤ 𝑇), 
with T being the number of time points. The residual vectors are 

the inputs to LSTM, which seizes their features by the input 

weight matrices (𝑊1,𝑊2,𝑊3,𝑊4)  and also their dependency 

using recurrent weight matrices(𝑊𝑟𝑒𝑐1,𝑊𝑟𝑒𝑐2,𝑊𝑟𝑒𝑐3,𝑊𝑟𝑒𝑐4). In 

the LSTM model, 𝑖(𝛼), 𝑓(𝛼), 𝑜(𝛼), 𝜇(𝛼) represents the input, 

forget, output and cell state vector gates respectively, while 

𝑊𝑝1,𝑊𝑝2,𝑊𝑝3  are the connections of peephole, 

𝑊𝑖 ,𝑊𝑟𝑒𝑐𝑖 , 𝑏𝑖 , 𝑖 = 1,2,3,4 are connections of input, recurrent 

connections, and also the bias entries, respectively. ℎ(⋅) and 

𝑔(⋅)are tanh(⋅)function, and  𝜎(⋅) is the sigmoid function. This 

model is used to find 𝑣𝑡 for each time point. Considering the 

illustration in Fig. 1(b), the LSTM forward pass is given by: 
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𝑣𝑔(𝛼) = 𝑔(𝑊4𝑧(𝛼) +𝑊𝑟𝑒𝑐4𝜏(𝛼 − 1) + 𝑏4)

𝑖(𝛼) = 𝜎(𝑊3𝑧(𝛼) +𝑊𝑟𝑒𝑐3𝜏(𝛼 − 1) +
𝑊𝑝3𝜇(𝛼 − 1) + 𝑏3)

𝑓(𝛼) = 𝜎(𝑊2𝑧(𝛼) +𝑊𝑟𝑒𝑐2𝜏(𝛼 − 1)
+𝑊𝑝2𝜇(𝛼 − 1) + 𝑏2)

𝜇(𝛼) = 𝑓(𝛼) ∘ 𝜇(𝛼 − 1) + 𝑖(𝛼) ∘ 𝑦𝑔(𝛼)

𝑜(𝛼) = 𝜎(𝑊1𝑧(𝛼) +𝑊𝑟𝑒𝑐1𝜏(𝛼 − 1)
+𝑊𝑝1𝜇(𝛼) + 𝑏1)

𝜏(𝛼) = 𝑜(𝛼) ∘ ℎ(𝜇(𝛼))

                   (8)  

where 𝑜(⋅) gives Hadamard (element-wise) product.  

   In order to transform each memory cell’s output upon gating, 

i.e., 𝜏 ∈ ℝ𝑛𝑐𝑒𝑙𝑙×1 , into the sparse source vectors, 𝑥 ∈ ℝ𝑛×1 , we 

use the transformation matrix 𝑈 ∈ ℝ𝑛×𝑛𝑐𝑒𝑙𝑙 [30, 31], here 𝑛𝑐𝑒𝑙𝑙 
is the hidden LSTM units numbers. Moreover, for every time 

point, we utilize the softmax layer to find the probabilistic 

values in every non-zero entries for every sparse vector, after 

which we select the value having the highest probability and 

include it in the support of that time point. For example, for the 

first time point, the 𝑗𝑡ℎ softmax layer’s output is given by:  

                   𝑃(𝑥1(𝑗)|𝑧1) =
𝑒𝑟(𝑗)

∑ 𝑒𝑟(𝑘)
𝑛
𝑘=1

                                  (9) 

Thus, by finding the “location” (idx) of each non-zero entry 

in the vector  𝑥 ∈ ℝ𝑛 , we obtain the sparse vector for the 

𝑡𝑡ℎ time point by simply recording the value of this location in 

a new vector such as 𝑥𝑛𝑒𝑤(: , 𝑡) ← 𝑥(𝑖𝑑𝑥). Therefore, we have 

not used other additional algorithms to calculate the values of 

𝑥𝑡 such that our approach reduces complexity and saves time. 

The pseudo-code for (DeepBraiNNet) is given in Algorithm 2. 

   After performing 𝑛 iterations, (here  𝑛 is the sparse vector 

size, i.e. the sources number), or when the residual values are 

small enough, the iteration will reach the stopping criteria for 

the algorithm. For this method, in the training process, we 

utilized 1 layer, 512 cells, and 60 epochs of parameter updates. 

 

Algorithm 2 EEG source imaging via DeepBraiNNet  

Inputs: EEG measurement matrix𝑉 ∈ ℝ𝑚×𝑇 ; the lead-field 

matrix 𝐿 ∈ ℝ𝑚×𝑛 ; minimum ℓ2 norm of residual matrix 

“𝑟𝑒𝑠𝑀𝑖𝑛” as stopping criterion; Trained “𝑙𝑠𝑡𝑚” model 

Output: EEG data matrix of sparse sources 𝑥
^
∈ ℝ𝑛×𝑇 

Initializing: 𝑥
^
= 0; 𝑗 = 1; 𝑖 = 1; 𝛽 = 𝜙; 𝑍 = 𝑉. 

1: steps: DeepBraiNNet (𝐿, 𝑉, 𝑙𝑠𝑡𝑚)     

2: while 𝑖 ≤ 𝑛 and ∥ 𝑍 ∥2≤ 𝑟𝑒𝑠𝑀𝑖𝑛 do  

3: 𝑖 ← 𝑖 + 1 

4: for 𝑡 = 1 → 𝑇do 

5: 𝑍(: 𝑗)𝑖 ←
𝑍(:𝑡)𝑖−1

max(|𝑍(:𝑡)𝑖−1|)
 

6: 𝜏𝑡 ← 𝑙𝑠𝑡𝑚(𝑍(: 𝑡)𝑖 , 𝜏𝑡−1, 𝜇𝑡−1)   LSTM 

7: 𝑟𝑡 ← 𝑈𝜏𝑡 
8: 𝜇 ← 𝑠𝑜𝑓𝑡max(𝑟𝑡) 
9: 𝑖𝑑𝑥 ← 𝑆𝑢𝑝𝑝𝑜𝑟𝑡(max(𝜇)) 
10: 𝛽𝑖 ← 𝛽𝑖−1 ∪ 𝑖𝑑𝑥 

11: 𝑋
^
𝛽𝑖(: , 𝑡) ← 𝜇(𝑖𝑑𝑥) 

12: 𝑋
^
𝛽𝑖𝜇(: , 𝑡) ← 0 

13: 𝑍(: , 𝑡)𝑖 ← 𝑉(: , 𝑡) − 𝐿𝛽𝑖𝑋
^
𝛽𝑖(: , 𝑡) 

14: end for 

15: end while 

16: end procedure 

 

B.2. Training of the Deep Networks 

      Before training the deep networks, we need to generate 

enough training sets, where we require a combination of 

residual vectors and the sparse source vectors corresponding to 

those residuals in order to perform supervised learning. After 

randomly generating the sparse sources 𝑋 ∈ ℝ𝑛×𝑇, we use the 

forward calculation in equation (1) to obtain the scalp recording 

𝑉 ∈ ℝ𝑚×𝑇with -5dB Gaussian noise added. Then based on 

designed deep network structure, let 𝑥𝑡  denote the source 

column vector in 𝑋 at 𝑡𝑡ℎ time point (1 ≤ 𝑡 ≤ 𝑇), we generate 

the training set following the steps: Firstly, we want to find the 

column of 𝐿 in lead field matrix for current 𝑥𝑡 which is most 

relevant to the current residual of that time point. Specifically, 

we find the conditional probability for every non-zero entry in 

𝑥𝑡 based on all the previous sparse vectors or columns at that 

loop, after which the highly probable value is picked and added 

to the 𝑥𝑡 support. Next, for all the time points(𝑡 = 1 → 𝑇), after 

finding the “location” (idx) of each non-zero entry in the 

vector 𝑥 ∈ ℝ𝑛, we simply record the value of this location in a 

new vector such as 𝑥𝑎(: , 𝑡) ← 𝑥(𝑖𝑑𝑥) .  
As such, the residual in the 𝑗𝑡ℎ loop is given by:        

                      𝑧𝑗 = 𝑣𝑗 − 𝐿
𝛽𝑗𝑥

^

𝑗                                           (10) 

here 𝑥
^

𝑗  denotes the sources estimation at that  𝑗𝑡ℎ iteration, 

while 𝑣𝑗  is obtained from the forward equation (1) with 𝐿𝛽𝑗  as 

a matrix comprising of only those columns of 𝐿 that are 

included in the support of 𝑥𝑡. Using the above procedure, we 

generate a set of residual vectors for 𝑥𝑡. The same procedure is 

repeated for all the number of time points (𝑇). 
   In summary, at each time point, for a given 𝑥 vector having 

𝑘 non-zero values, 𝑣 is calculated following the forward 

equation (1). The entry with the highest value in 𝑥  is then 

obtained, and fixed at zero. Suppose that this index is 𝑘0, now 

we have a novel 𝑥𝑛𝑒𝑤 source vector having 𝑘 − 1  non-zero 

entries. As such, the residual vector can then be calculated as: 

                      𝑧 = 𝑣 − 𝐿𝑥𝑛𝑒𝑤                                                (11)  

   This residual value is obtained by removing only 𝑘0𝑡ℎ entry 

of 𝑥. The output of this step is the training pair (𝑧, 𝑥0)where 

𝑥0 represents a hot vector which contains a single value in the 

𝑘0 index and the rest of the entries are all zeros.  The stopping 

criteria of this procedure is when we have found all the non-

zero values in𝑥 . We repeat these steps for the consecutive 

training samples. Note that the training procedure is performed 

only once hence the testing phase is very fast. 

   After training set is generated, a cross entropy cost function 

is minimized in order to calculate the proposed model 

parameters. Suppose that 𝑥 is softmax’s output source vector 

shown in Fig. 1 (a), while 𝑥0 is the one hot vector, we solve the 

following optimization:  
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𝑇(𝛬) = 𝑚𝑖𝑛
𝛬

{
 
 

 
 

∑∑∑∑𝐿𝑧,𝑖,𝜎,𝑗(𝛬)

𝑛

𝑗=1

𝑇

𝜎=1

𝐵𝑠𝑖𝑧𝑒

𝑧=1

𝑛𝐵

𝑖=1 }
 
 

 
 

 

                𝑇𝑟,𝑖,𝜏,𝑗(𝛬) = −𝑥0,𝑧,𝑖,𝜎(𝑗)log(𝑥𝑧,𝑖,𝜎(𝑗))                     (12) 

here 𝑛𝐵 denotes the minibatches numbers in the training data, 

𝐵𝑠𝑖𝑧𝑒 gives the training pairs numbers, (𝑧, 𝑥0) , for every mini-

batch, 𝑇 is the time points for EEG inverse problem, that is, 

column numbers of 𝑋, while 𝑛 is the vector length of 𝑥 and 𝑥0.  

𝛬 gives the collection of the model parameters comprising 

𝑊1,𝑊2,𝑊3,𝑊4,𝑊𝑟𝑒𝑐1,𝑊𝑟𝑒𝑐2,𝑊𝑟𝑒𝑐3,𝑊𝑟𝑒𝑐4, 
𝑊𝑝1,𝑊𝑝2,𝑊𝑝3, 𝑏1, 𝑏2, 𝑏3, and 𝑏4 in Fig. 1(b) and 𝑈 in Fig. 1(a). 

 

                                   

 
 Fig. 1 DeepBraiNNet for EEG source estimation. (a) Architecture of the proposed DeepBraiNNet model unfolded over different EEG time series. (b) Schematic 

view of LSTM. (c) Training and testing procedure for EEG source imaging.  

   To find the optimal solution in equation (12), 

Backpropagation through time (BPTT) with Nesterov method 

is utilized. The updating equations for 𝛬 parameter at 𝑘 epoch 

are given by: 

 
𝛥𝛬𝑘 = 𝛬𝑘 − 𝛬𝑘−1

𝛥𝛬𝑘 = 𝜆𝑘−1𝛥𝛬𝑘−1 − 𝜂𝑘−1𝛻𝑇(𝛬𝑘−1 + 𝜆𝑘−1𝛥𝛬𝑘−1)
          (13)  

with𝛻𝑇(⋅) as the cost function gradient in (12),  is the rate of 

learning, while 𝜆𝑘  denotes the parameter momentum obtained 

by the employed training scheduling technique. The above 

equations are equivalent to Nesterov method in [32]. The cost 

function gradient, 𝛻𝑇(𝛬) , is:  

𝛻𝑇(𝛬) = ∑𝑛𝐵𝑖=1 ∑ ∑ ∑
𝜕𝐿𝑟,𝑖,𝜎,𝑗(𝛬)

𝜕𝛬

𝑁

𝑗=1

𝐿

𝜎=1

𝐵𝑠𝑖𝑧𝑒

𝑧=1
︸

                                    

(14) 

More details on the collection of LSTM model parameters(𝛬), 

and the derivations of gradient expressions are presented in 

[30, 31].” 

   A summary of the training procedure is given in algorithm 3 

as below. 

 

Algorithm 3 Training of DeepBraiNNet model for EEG 

Source imaging  
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Inputs: Fixed step size “ 𝜂 ”, “ 𝜆 ” scheduling, “ 𝑡ℎ𝐺 ” the 

threshold for gradient clipping, “nEpoch” the total epochs 

number, “𝐵𝑠𝑖𝑧𝑒” the maximum training pairs numbers in every 

mini-batch, time-points’ numbers in EEG source imaging “T”. 

Outputs: DeepBraiNNet trained model “𝛬”. 

Initializing: Fix all 𝛬 parameters to random values with normal 

distribution, 𝑖 = 0, 𝑘 = 1.  
1: Steps- DeepBraiNNet (𝛬) 

2: while 𝑖 ≤ 𝑛𝐸𝑝𝑜𝑐ℎ do 

3: for “First to last minibatches” do 

4: 𝑧 ← 1 

5: while 𝑧 ≤ 𝐵𝑠𝑖𝑧𝑒 do 

6: Computing ∑
𝑇𝑧,𝜎

𝜕𝛬𝑘

𝑇

𝜎=1
 

7: 𝑧 ← 𝑧 + 1 

8: end while 

9: Compute 𝛻𝑇(𝛬𝑘) ← “𝑠𝑢𝑚 𝑎𝑏𝑜𝑣𝑒 𝑡𝑒𝑟𝑚𝑠 𝑜𝑣𝑒𝑟 𝑧”   
10: if 𝛻𝑇(𝛬𝑘) > 𝑡ℎ𝐺 then 

11:  𝛻𝑇(𝛬𝑘) ← 𝑡ℎ𝐺 

For every gradient matrix value 𝛻𝑇(𝛬𝑘) 
12: ending if  

13: Computing 𝛥𝛬𝑘 

14: Updating: 𝛬𝑘 ← 𝛥𝛬𝑘 + 𝛬𝑘−1 

15: 𝑘 ← 𝑘 + 1 

16: ending for 

17: 𝑖 ← 𝑖 + 1 

18: ending while 

19: ending procedure 

    

   Considering that we have unfolded the LSTM over time series 

of 𝑋, it is rolled back at the point of finding the entire sequence 

gradients for the time series. More details concerning error 

signals for various parameters required for training of this 

LSTM architecture are presented in [30, 31].  

B.3. EEG source imaging using DeepBraiNNet 

   After performing network training, we carry out model testing 

(i.e., source estimation) as shown in Fig. 1(c). It is noteworthy 

that model training is only performed once, after which we can 

test the already trained model using any new EEG signal (𝑉 ∈
ℝ𝑚×𝑇) that was not included in the training. Consequently, we 

input a recorded EEG signal to the trained DeepBraiNNet 

model, and the model will output the estimated source time 

series 𝑋 ∈ ℝ𝑛×𝑇 following Algorithm 2.  

C. Evaluation indexes 

In this work, to evaluate the robustness and efficiency of 

Deep-BraiNNet and reveal its performance difference with 

abovementioned methods, we further designed following 

experiments including simulation study and real EEG 

applications.  

C.1. Simulation study 

For this simulation study, we performed EEG source imaging 

using a 3-shell realistic head model, the cortical, skull and scalp 

conductivities were in the ratio of 1.0 𝛺−1𝑚−1 , 1/80 

𝛺−1𝑚−1 and 1.0 𝛺−1𝑚−1. Based on the head model and the 

128 electrodes placed following the 10-20 system, we used 

boundary element method (BEM) [33] to calculate the lead field 

matrix, resulting in a 128 × 1293 matrix. Then using the lead 

field matrix, the EEG forward calculation was used to derive 

the EEG scalp signal for the simulations.  

In current work, we randomly generate 500 source time 

series  𝑋 ∈ ℝ1293×200 with 200 time points for training the 

model in simulation study, where the numbers of non-zero 

entries (i.e., the source number) are randomly varied for the 500 

source time series. After randomly generating the sparse 

sources  𝑋 ∈ ℝ1293×200 , we use the forward calculation in 

equation (1) to obtain the scalp recording 𝑉 ∈ ℝ128×200with -

5dB Gaussian noise added. For example, for a 𝐾𝑖  (1 ≤ 𝑖 ≤
500)non-zero entries, the total number of training samples was: 

200 × 𝐾𝑖 samples, thus the total number of samples for all the 

500 time series is∑ 200 ×500
𝑖=1 𝐾𝑖.  

After DeepBraiNNet model training, taking into 

consideration that the orientations of sources, the location 

distances between sources, and signal-to-noise ratio (SNR), 

affect the performances of EEG inverse approaches, we 

performed various evaluation tests under different SNRs and 

different source patterns. Specifically, when source number is 

determined, the source positions will be randomly selected from 

the brain solution space. To make the simulated EEG more 

consistent with the actual EEG, after the source positions are 

decided, the time series with 200 time points for each source is 

randomly selected from one of 59 channels of a P300 scalp 

EEGs of one subject. For more details on the P300 dataset could 

refer to our previous work in [34]. Then based on the forward 

calculation in equation (1), the simulated scalp EEGs are 

generated, and Gaussian noise with -10dB, 0dB, 10dB and 

20dB SNRs are added. DeepBraiNNet, LORETA, LASSO and 

SOMP are utilized to estimate the current densities that are 

further used in the calculation of the evaluation metrics 

(position and energy errors) in comparison with the originally 

defined sources. E localization or the position error defines the 

distance between the original source and that having the highest 

power in the sphere neighboring the defined sources and is 

given by:      

      𝐸𝑙𝑜𝑐𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 = (∥ 𝑥𝑡𝑟𝑢𝑒 − 𝑥
^

𝑠𝑖𝑚𝑢 ∥)                                   (15)       

where 𝑥𝑡𝑟𝑢𝑒 and 𝑥
^

𝑠𝑖𝑚𝑢 refer to the locations of the true source 

vectors in each column of X  and the corresponding estimated 

sources, respectively. In contrast, the energy error indicates the 

ability to recover the source amplitude, which is defined as,   

 𝐸𝑒𝑛𝑒𝑟𝑔𝑦 = (∥ 𝑠𝑠𝑖𝑚𝑢 − �̂�max ∥/∥ 𝑠𝑠𝑖𝑚𝑢 ∥)                        (16)   

Where 𝑠𝑠𝑖𝑚𝑢 denotes the defined source strength while 

�̂�max gives the recovered source having largest power in a 

sphere with a center at the corresponding defined sources.  

    Each simulation under defined source configuration and SNR 

is repeated 200 times for each the 3 activated sources in order 

to verify the stabilities of EEG inverse approaches. Finally, we 

report the mean bias for all the 200 iterations.  

Besides from the localization and energy errors defined 

above, we also assessed other metrics including the cross-talk 

function (CTF) and the point-spread function (PSF). CTF 
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reflects the effect of all sources on the estimation, and it is 

derived from the rows of the “resolution matrix”, which 

measures the relationship between real and estimated sources. 

PSF comes from the columns of the “resolution matrix”, and it 

defines how the estimate of the activity of a point source with 

unit strength is spread across all sources [35-39]. In our current 

work, to fairly compare the two metrics among different 

approaches, we proposed to show the CTFs and PSFs for 

different approaches as below. First, considering that CTF and 

PSF are determined by the resolution matrix, we visually show 

the corresponding resolution matrix under 0dB SNR in Fig.2 

(a). Obviously, the closer to a diagonal matrix, the better 

performance is for an inverse approach. Second, because CTFs 

are usually the rows of the resolution matrix, while PSFs are the 

columns of the resolution matrix, the sum of CTFs or PSFs of 

the ideal resolution matrix will be 1 for each source position. 

Then, after getting the CTFs or PSFs for all source positions, 

they are further averaged across all the positions to get the mean 

values of CTFs and PSFs for different approaches under various 

noise conditions. Details of these two metrics can be found in 

[35]. 

C.2. Real EEG applications 

For this task, the real EEG utilized for evaluation is derived 

from three subject with BCI performance above 80% accuracy 

recorded in our previous motor imagery experiment [35]. The 

University of Electronic, Science, and Technology of China 

(UESTC) reviews board approved this study and all participants 

provided their consent. Our experiment protocol comprised of 

two sessions which were done 3 months apart but both had the 

same tasks. A Symtop amplifier (Symtop Instrument, Beijing, 

China) having 15 Ag/AgCl sensors (F3, F4, FC3, FC4, Cz, C3, 

C4, C5, C6, CP3, CP4, P3, P4, O1, O2) in the 10–20 system 

was used to record EEG data. Furthermore, we used 1000 Hz to 

sample the signals and a band-pass filter in the range of 0.5 and 

45 Hz and AFz was the reference. 

   At the start of each experimental session, resting-state EEG 

was recorded, with 1 run where all participants were asked to 

rest with open eyes and 1 run where they were required to rest 

with eyes closed. Each recording run lasted for 2 min, followed 

by two minutes break in between the runs. After two minutes 

break period, we recorded MI data with 4 runs, each of which 

comprised of fifty trials consisting of about twenty-five runs in 

every motor imagery task (left or right hand). In the 

experimental procedure, a yellow bar on the screen’s left or 

right part indicates that the left or right MI task will be presented 

for 1s. Once the subjects notice that the yellow bar becomes 

green, they were required to do corresponding MI task as soon 

as possible until the bar becomes gray. The participants were 

visually monitored by the experimenter to avoid real hand 

movement. If real hand movement was observed, the 

experiment would be stopped and the subject would be 

instructed to practice motor imagery before a new run was 

restarted. Details of the MI dataset can be found in [40]. In our 

current work, we mainly carried out the following 

preprocessing steps: 1) Filter the EEG data by a 4-34Hz band-

pass filter which covers the dominant band for MI related 

ERD/ERS during MI tasks; 2) Segment the data by a 5-s time 

window of [0s, 5s] (0s denotes the time when the subjects 

started to imagine the requested hand movement); 3) Remove 

bad trials (±70μv as the threshold for ocular artifacts).  

   As for this MI task, our aim was to probe the source 

activations and the network patterns in single online trial, as it 

can provide useful information such as the new feature for BCI 

control or the new feedback biomarker for the motor function 

related rehabilitation. Motivated from this practical application, 

we selected several left MI trials and several right MI trials from 

three subject with above 80% BCI performance that can 

guarantee the evoke of the obvious MI related rhythm. 

However, the single-trial based MI EEG is often of low SNR, 

and it is challenging to estimate the source and reliably 

construct the MI related brain neural networks. Consequently, 

we utilized a 3-shell realistic head model obtained from 

eConnectome software [41, 42] for EEG source imaging and 

network visualization. The source space was obtained from a 

down-sampled cortical surface with 7850 dipoles that were 

constrained to the gray matter with their orientations 

perpendicular to the local cortical area. The scalp, skull and 

brain surfaces were segmented and reconstructed from the 

Montreal Neurological Institute (MNI) brain [43, 44]. 

Boundary element method was used to find the lead field matrix 

[33], resulting in the matrix with 15×7850 dimension. Using the 

training procedure introduced before, we trained the 

DeepBraiNNet model, by 500 source time series  𝑋 ∈
ℝ7850×100 with 100 time points under -5dB SNR, where the 

numbers of non-zero entries (i.e., the source number) were 

randomly varied for the 500 source time series. Subsequently, 

DeepBraiNNet, LASSO, sLORETA and SOMP methods were 

applied to estimate the activated sources during left and right 

MIs. 

III. RESULTS 

A. Simulation study 

In this simulation study, we mainly focus on the influence of 

the source patterns and SNR to the performances of EEG 

inverse approaches. To systematically reveal the performance 

difference between the methods mentioned above, we utilized 

multiple quantitative indexes, such as E localization, E energy and 

resolution-matrix based measurements (CTF and PSF). 

A.1. The CTF and PSF 
Considering that CTF and PSF can evaluate an inverse 

approach from an overall perspective, we firstly calculated the 

corresponding resolution matrix, then the CTF and PSF. The 

corresponding pattern of the resolution matrix for the four 

approaches are given in Fig.2(a), and the PSFs and CTFs 

averaged across all the source positions are shown in Fig.2(b) 

and (c), respectively. As revealed in Fig.2 (a), the proposed 

DeepBrainNet shows a resolution matrix very close to a 

diagonal matrix, while the resolution matrices of other existing 

three approaches are rather far from the ideal diagonal one. 

Moreover, taking the ideal CTF and PSF as reference, under the 

different noise levels, the proposed approach consistently 

exhibits the values much closer to 1, the ideal value. Whereas, 
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other approaches reveal the averaged CTF and PSF that are 

rather far from value 1. 

  
Fig. 2 (a) The resolution matrix under OdB SNR, (b) Point-spread functions (PSFs), and (c) cross-talk functions (CTFs) recovered by various methods under 

different SNRs. （图不清晰）

A.2. Simulation for three activated sources 

   In this section, we explore the scenario for three activated 

sources. The source estimation for three active sources under 

0dB SNR by the aforementioned approaches in one of 200 runs 

are given in Fig. 3. It is evident that the estimations by 

DeepBraiNNet are the closest to the ground truth unlike SOMP, 

while LORETA and LASSO generate spurious solutions. 

   Specifically, SOMP also yields over-focal estimates missing 

sources in the reconstruction. On the other hand, LASSO 

reconstructs highly dispersed dipole sources because of the L2-

norm objective term that is highly sensitive to noise, with 

activations covering a large portion of the cortices. The spatial 

smoothness LORETA constraint results in an estimation having 

a much lower spatial resolution.  

   

  
 Fig. 3 Source imaging of three active sources under 0dB SNR for one of 200 runs. Sources in the realistic head model are shown and the corresponding time series 

(in red color for the original, and blue color for the estimated) are also shown.（图不清晰） 

 

   The performance of all approaches is also analyzed using the 

validation metrics as shown in Fig. 4(a) and (b) for the position 

bias and energy error bias. We also assessed the time-series bias 

for all the methods and this is reported in Fig. 4(c), which is the 

absolute relative mean difference between the actual time series 

of the three sources and the corresponding estimated time series 

at the due source positions. In all cases, DeepBraiNNet proves 

its robust performance achieving the lowest localization and 

energy errors. However, SOMP, LASSO, and LORETA always 

underestimate the amplitudes of sources, such that their errors 
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are rather large. Overall, DeepBraiNNet outperforms the other 

three approaches in recovering the isolated active sources in all 

the given configurations.  Besides the relatively complicated 3-

source patterns, we evaluate the corresponding performances 

under the one source conditions, and the corresponding results 

are given by Fig. SII and Fig. SIII in Supplementary Material, 

which also shows that the proposed DeepBraiNNet still has the 

best performances. 

 

 
Fig. 4 The performance under different noise SNR. (a) Energy bias, (b) Position bias, and (c) Time-series bias recovered by various methods under different 

SNRs.(图不清晰。。。。) 

 

A.3. Simulation for extended sources 

   Here, we analyzed the methods performances when 

reconstructing extensively distributed source patterns rather 

than isolated patterns in the previous simulations. To this end, 

we simulate extensive source patches. Specifically, we use a 

20mm-radius-sphere centered at (29, -63, 45.88) mm to enclose 

the neighboring patches in the cortex, which are then treated as 

the positions of extended sources. The amplitude of every 

source was randomly determined in a range of 0~10uv also with 

200 time points, and the Gaussian noise with 0 dB SNR was 

added.  Considering that accurate definition of the energy and 

position bias in the case of extensive sources is very 

challenging, here, we only assess if the reconstructed sources 

are within the activated regions. Fig. 5 shows the originally 

defined and the reconstructed source distributions on realistic 

head model by the four methods. 

   As compared to the original sources, it is shown that for the 

noised extensive sources, all applied inverse approaches could 

not accurately find all the sources, but they all locate the main 

activations within the defined extended sources area. The main 

difference among those inverse approaches is that SOMP, 

LORETA, and LASSO estimated source patterns highly 

diffused across the entire cortex, while DeepBraiNNet 

recovered a sparse source configuration, localized in the sphere 

around the original sources. 

         
Fig. 5 Source imaging in the case of extended sources under 0dB SNR on a 

realistic head model 
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B. Real EEG Motor Imagery Experiment 

In this experiment, we aimed at probing the source activation 

and the network patterns in single online trial, due to their 

practical significances in BCI and clinical rehabilitation. We 

applied DeepBraiNNet, LASSO, sLORETA and SOMP 

methods to estimate the activated sources during left and right 

MIs. Fig. 6(a) shows the reconstructed sources for the motor 

imagery tasks (one left-hand trial and one right-hand trial) when 

those different source imaging methods are utilized. For 

LORETA, LASSO and SOMP, the displayed sources are 

averaged over the time window; For DeepBraiNNet, the 

sources are directly estimated from the model. As expected 

during motor tasks, it is noteworthy that all methods estimated 

similar activation patterns with the strongest activated sources 

in the left hand side during right-hand MI tasks, and vice-versa. 

Nevertheless, with the exception of DeepBraiNNet, all the other 

methods estimated non-focal source patterns with some pseudo-

activations.  

 
 
 

Fig. 6 The MI related sources and brain neural networks. (a) MI related source patterns in one right and one left hand Motor Imagery tasks when different EEG 

source estimations are used for one subject. (b) ROI Labels (c) the sparse left and right hand brain neural network pattern during Motor Imagery revealed by 

DeepBraiNNet.(图不清晰。。。。)

 

   The sources patterns in Fig.6(a) estimated by various inverse 

approaches actually revealed that only the proposed approach 

can estimate the sparse clear MI related source patterns under 

the low SNR single trial EEG compared to other three 

approaches. The unclear activated sources for LORETA, 

LASSO and SOMP mean that it is difficult to find the clear MI 

related brain areas to serve as network nodes to construct the 

networks. Therefore, considering the relatively clear source 

activations reconstructed by DeepBraiNNet, we further 

performed directed network analysis based on the source time 

series estimated by DeepBraiNNet in the two MI tasks. 

Consequently, for each isolated activated source area, the 

Montreal Neurological Institute (MNI) central location within 

the strongest active source is defined as the spatial node, and 

the averaged time series of those sources within a sphere 

centered at this strongest source with radius of 10 mm are 

regarded as the time series for this node. With this strategy, 

eight nodes are used to construct the networks for left or right 

MI tasks, and the time courses for the eight nodes 

corresponding to the two tasks are shown nearby the related 

source node in Fig.6 (c). Using the selected nodes (ROIs) and 

the time courses, directed transfer function (DTF) was applied 

for causality networks construction for the Motor Imagery 

datasets, where the order for DTF analysis is determined by 

Akaike Information Criterion (AIC) [45]. AIC is a metric 

utilized in selecting a model from a set of models. The selected 

model is the one that minimizes the Kullback-Leibler distance 

between the model and the ground truth. Suppose 𝑘  is the 

number of estimated parameters in the model, while 𝐿(𝛼) is the 

maximum value of the likelihood function for the model. Thus, 

the AIC value of the model is estimated as follows:  

                          𝐴𝐼𝐶 = 2𝑘 − 2ln (𝐿(𝛼))                                (16)  

   Considering a collection of candidate models for the data, the 

preferred model is the one with the minimum AIC value. 

Therefore, AIC rewards goodness of fit (as assessed by the 

likelihood function), but it also comprises a penalty that is an 
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increasing function of the number of estimated parameters. The 

penalty discourages overfitting, which is desired since 

increasing the number of parameters in the model almost 

always improves the goodness of the fit [46-49]. 
   Fig. 6 (b) shows the brain networks for right and left-hand MI 

based on sources recovered by DeepBraiNNet from Fig 6(a). 

As illustrated in Fig.6 (b), DeepBraiNNet reveals the obvious 

asymmetry networks with dominant nodes in the 

hei hemisphere (i.e., left MI has the much denser linkages in the 

right hemisphere, while right MI shows the denser linkages in 

the left hemisphere).   

  In addition to the results from given trials in a single subject, 

we also applied DeepBraiNNet to the EEGs of another 3 trials 

from different sessions, and to the MI data from other 2 subjects 

so as to evaluate reproducibility of DeepBraiNNet across the 

subjects. We found that the source patterns estimated by 

DeepBraiNNet for the same MI tasks showed strongest 

similarities between different sessions ( Fig. S9~Fig. S14, in the 

supplementary material). Consistently, the source patterns 

estimated by DeepBraiNNet for different subjects also showed 

the strongest similarities when these subjects perform the same 

MI task (Fig. S15 and Fig. S16 in the supplementary material). 

For more detail information, please refer to supplementary 

material. 

IV. DISCUSSION 

   Existing research using spikes, intracranial EEG, and fMRI 

already provide insight into the sparse neural activations during 

high cognitive processing. Consequently, it is justifiable to 

explore sparse sources in EEG source imaging. Here, we 

developed a new model based on deep learning termed 

DeepBraiNNet for spatiotemporal EEG source imaging. Then 

with the simulation study and the real MI EEG, we systemically 

evaluate the performance by comparing with other existing 

traditional EEG source imaging methods. Both the conducted 

Monte Carlo simulations with various source configurations 

and noise intensities, and the application to real MI EEG 

consistently showed the better performance of DeepBraiNNet 

in EEG source imaging, which can capture spatiotemporal 

information of sources.   

   The classical L2-loss function based methods (LORETA and 

LASSO), estimate sources having low spatial resolution (Fig. 

3), and result in non-smooth time courses (Fig. 3). Specifically, 

it is evident that they may not be reliable in the clear 

differentiation of many activated sources when source pattern 

becomes complicated. Another type of method is SOMP, which 

may unfortunately tend to infer over-focal patterns, such that 

the estimated cortical sources are in fewer brain areas than the 

actual truth. Nevertheless, DeepBraiNNet estimated sparse 

sources similar close to those originally simulated, unlike 

LORETA, LASSO, and SOMP which produced spurious 

results or missed other sources and seemed dependent on the 

SNR and source patterns.  

   Moreover, by analyzing the metrics in Fig. 2, and Fig.4, the 

effects of source configurations and the powers of noise on the 

EEG source imaging solutions are quantitatively revealed. 

Considering the aforementioned performance metrics, it is 

noteworthy that the performances of all the methods decline 

with rising powers of noise (i.e., lower SNR), but 

DeepBraiNNet retains its efficacy yielding the lowest mean 

errors. This good performance of DeepBraiNNet is also 

observed for the relatively simpler one-source pattern in Fig. S1 

in the supplementary material.  

   Besides the noise introduced in the scalp EEG space, we also 

evaluated the possible influence of noise disturbance introduced 

in the intrinsic lead field matrix. As shown in Fig. S1 (in the 

supplementary material), compared to the results in Fig.4, when 

the lead field is influenced by the noise, all the source 

localization approaches showed the decreased performance, 

which is mainly due to adding noise to an already severely ill-

posed lead-field matrix. However, DeepBraiNNet still 

outperforms all the other traditional methods with the lower 

bias, which further proves its robustness to this kind of noise 

disturbance. 

   While different aspects of spatial-temporal estimations have 

been considered (Fig.3), the extent of distributed sources is also 

analyzed (Fig. 5). Strictly speaking, none of the applied source 

imaging methods could accurately reconstruct the entire source 

pattern of the extended sources. However, they could also find 

the activated sources patterns with the strongest ones estimated 

nearby within the sphere region originally simulated. Except 

DeepBraiNNet, all other methods reconstructed spurious 

source activations across the whole cortex. This simulation 

study demonstrates that DeepBraiNNet may not estimate the 

complete extent of the activated source patterns in the case of 

extended sources, but it may rather converge to an equivalent 

sparse source hence other approaches may be more suitable for 

this purpose. The varying source distributions reconstructed by 

the aforementioned methods showed that in EEG source 

estimation, different models might yield various sources. It is 

thus evident that different source imaging methods can result in 

different solutions for various problems, and these differences 

need to be taken into account [16]. 

The performance difference among those inverse approaches 

could be further revealed by other metrics, i.e., PSF and CTF. 

The resolution matrix can reflect how close the estimated 

sources are to the actual sources. The diagonal matrix achieved 

by DeepBraiNNet means that it has a very good ability to 

recover the sources, while other three approaches either missed 

the sources or estimated pseudo sources, resulting in the 

resolution matrices far from the diagonal pattern. Moreover, the 

PSF and CTF values derived from the resolution matrix also 

demonstrated that the sources estimated by DeepBraiNNet are 

actually concentrated on the due positions being less influenced 

by the sources on other positions and with less strength spread 

to other positions. Those good merits revealed by PSF and CTF 

across all the source positions for the proposed approach can 

account for the good localization performances in Fig. 4 

achieved by DeepBraiNNet when different sparse source 

patterns are evaluated.   

A major challenge in EEG source imaging is the extreme 

underdetermination, which may further be emphasized by the 

strong background noise. Those existing inverse solutions like 

LORETA, LASSO, and SOMP essentially aim at estimating 

EEG neural generators by finding an inversion of the lead-field 

matrix. However, due to the underdetermination of lead field 

matrix, it is so elusive to derive the precise solution of the EEG 

brain sources. Compared to those conventional approaches, the 

proposed DeepBraiNNet estimates the source activations in a 
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supervised learning way. In essence, DeepBraiNNet used the 

recurrent neural network with LSTM structure to approximate 

the inverse operation for the lead field matrix, which avoids the 

possible effect of the direct inverse operation on the 

underdetermined lead field matrix. After learning with enough 

generalized samples, DeepBraiNNet can capture the inverse 

information of matrix well attributed to the powerful ability of 

deep learning networks to mine the hidden information. 

In Fig. 6, we utilized DeepBraiNNet, LASSO, LORETA, and 

SOMP inverse methods to estimate the activated sources during 

the right and left hand MI. All these methods recovered similar 

activations patterns, but due to noise in EEG measurements, the 

solutions were highly non-focal except for DeepBraiNNet, 

where the proposed approach obtained clearer MI activations 

mainly distributed in brain areas including the occipital lobe, 

dorsolateral prefrontal cortex (DLPFC), sensorimotor cortex 

(SMC), and in the supplementary motor area (SMA), all of 

which are areas proven as being closely related to MI. 

Moreover, the activation pattern also reveals the contralateral 

domination for the corresponding MI tasks (i.e., higher 

activation in the right brain hemisphere during left MI, and 

vice-versa), which is also the proven physiological 

phenomenon for MI task [50].  

As for EEG source imaging, the robustness within single 

subject and across subjects is another concern [51]. The source 

localization both for the different MI trials of one subject and 

for the different subjects (Fig S9~Fig. S16 in the supplementary 

material) consistently demonstrated that the proposed approach 

still estimated the similar source patterns as those in Fig.6, 

which proves the good robustness of the proposed approach for 

EEG source estimation. 

   Compared with fMRI, the high temporal resolution of EEG 

can allow to perform network analysis in single trial level, 

which can provide the online network feedback for establishing 

the BCI or motor rehabilitation systems [52]. However, as a 

result of volume conduction, brain connectivity based on scalp 

EEG will cause spurious connections, which is one of the main 

issues that hinder the network analysis of EEG. Performing 

source-space connectivity based on the source estimation can 

help in removing those spurious connections occurring in 

sensor-space connectivity analyses, with the more accurate 

neural activations in the source space.   

    Motivated from the good ability of DeepBraiNNet to recover 

reliable source estimations, we further construct the MI related 

networks in the source spaces using the estimated sources as 

nodes. Consequently, the network analysis in the source space 

reveals the obvious stronger contralateral linkages as shown in 

Fig. 6(b), where strong directed couplings can be observed from 

the left brain area to the right hemisphere during right-hand MI, 

and vice-versa. Desynchronization of the left SMC occurs when 

performing right-hand MI (and vice-versa for the other hand 

MI), resulting in a relative decline in the alpha band power. This 

is due to a process called event-related desynchronization 

(ERD) which implies that following MI task activation, SMC 

networks tend to change their firing processes [53]. 

   As the Motor Imagery involved a visual task, the received 

visual information is primarily processed in the occipital lobe 

then sent to the dorsolateral prefrontal cortex (DLPFC) for 

further processing. DLPFC is tasked with figuring out the hand 

that responds to a given visual stimuli and how to actually 

respond to it. Furthermore, it transmits the encoded information 

(movement demands) over to the contralateral supplementary 

motor area (SMA) that performs the corresponding motion 

response. Meanwhile, DLPFC transmits the response back to 

the occipital lobe in order to relay information of the planned 

motor execution which is set to occur and also about the ending 

of the integration of information and encoding of the related 

command [54].   

   In motion events, for motor imagery (MI) or even inhibition, 

SMA serves a huge role [55, 56]. Upon presentation of external 

stimuli, the participants are required and rapidly and accurately 

respond to the visual stimuli by performing either the right or 

left hand MIs. Subjects are presented with stimuli 

corresponding to two different tasks: determining figuring out 

what hand to respond with for a given stimuli, and if the hand 

motion is actually required. Following an encounter with an 

external stimuli, there is a flow of visual information to DLPFC, 

after which the motion demand arises then the brain decides on 

the action to perform [57].  The cortical neural network patterns 

consistent with the MI physiological basis, i.e., the dominant 

activation in the left hemisphere for the right MI, while the 

dominant activation in the right side for the left MI [19], [50], 

[57-59], further proves that the proposed approach could 

provide the accurate source time series, which is important in 

revealing dynamic information processing of the brain in the 

cognition tasks. 

In current work, we only used EEG to construct the deep 

model for EEG source estimation. Considering the merits of 

EEG/fMRI integration in providing prior source locations based 

on actual brain physiology, a series of fMRI-informed 

constraint M/EEG source location methods have been proposed 

to reduce ambiguities in source localization [12, 60, 61], which 

could offer the source analysis with both the high spatial and 

temporal resolution. In this work, the inputted samples into 

deep model are only the mere EEG time series. In future, by 

modeling the sources with both EEG and fMRI time series, we 

can build the deep model that combines both information from 

EEG and fMRI to reflect the high temporal and spatial electrical 

activities in brain.  

 

V. CONCLUSION 

The recent bliss of the deep-learning technology has 

triggered a vast number of improvements in various fields 

including life sciences.  Here, we explored a novel source 

imaging approach hereby termed DeepBraiNNet, for robust 

sparse spatiotemporal EEG source estimation, which has never 

been tried in previously reported studies. In all the simulations 

carried out, our method outperformed the classical approaches 

including LORETA, LASSO, and SOMP which are highly 

influenced by noise in EEG recordings. Moreover, 

DeepBraiNNet also obtained clear sparse MI related activation 

patterns when it was applied to a real Motor Imagery dataset. 

The further network analysis based on the spatiotemporal EEG 

sources estimated by DeepBraiNNet reveals a network pattern 

with the hub at the contralateral brain primary motor areas 

consistent with the physiological basis of motor imagery. The 

efficacy of DeepBraiNNet makes it an attractive tool for EEG 

source imaging, which creates a new platform for further 
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improvements in cognitive neuroscience and clinical EEG 

applications. 
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