
Abstract— The goal of this project is to use deep learning 

to predict the cognitive states of drivers  from 

electroencephalograph (EEG) signals. To address the 

challenge posed by limited labeled training samples, a semi-

supervised Wasserstein Generative Adversarial Networks 

(sWGAN) is proposed. The proposed sWGAN includes a 

classifier with the shared architecture with the discriminator in 

GAN and its loss function enables the augmentation of limited 

training samples with generated EEG samples during training, 

thus resulting in improved classification performance. The 

several modeling challenges including frequency artifacts and 

training instability are also considered. The test results on 

predicting the alert and drowsy states from a simulated driving 

experiment demonstrate improved prediction performance and 

training stability over the baseline semi-supervised GAN and a 

convolutional neural network model.  

Keywords—Wasserstein Generative adversarial network, 

Deconvolution with bi-linear weigh initialization, EEG, Driving 

data, convolutional neural network (CNN).  

I. INTRODUCTION  
 Predicting whether a driver is in an alert or drowsy state 
based on electroencephalograph (EEG) signals has been an 
active area of research [1, 2]. Predicting driver state is 
extremely challenging because driving requires multitasking, 
which in turn is supported by complex neural activities. 
Advanced machine learning and deep learning approaches 
may be particularly useful for solving this problem. However, 
collecting large, labeled training samples of driver cognitive 
states, and for EEG-related tasks in general, is often not 
feasible due to complex experimental setups, discomfort from 
prolonged wearing of EEG sensory, and difficulties in 
inducing and correctly labeling fatigue states. Therefore, an 
approach that can augment limited samples with authentic 
simulated samples is attractive.  
 Generative Adversarial Networks (GANs) are deep 
generative models that can learn to generate samples from the 
data distribution[3]. GANs have been recently applied in a 
variety of applications such as images and time series data 
such as EEG[4].  The basic GAN framework consists of a 
generator and a discriminator, both of which are deep neural 
networks. The generator tries to fool the discriminator by 
producing realistic fake samples, and the discriminator tries to 
distinguish between the real and fake samples[3]. The 
generator and discriminator are optimized together according 
to a two-player game. The GAN framework has been used to 
solve many problems such as domain adaption[3-4], photo 
editing [7] and semi-supervised learning [6-11], which are 
enabled by architectural changes and modified loss functions.  
 The semi-supervised GAN is an extension of GAN to 
include a classifier that predicts the class labels of the data. 
Intuitively, this approach augments the training samples with 
GAN generated samples. Once trained, no sample generation 
is needed and the classifier exploits the superior ability of 
GAN in learning data representations to achieve improved 

performance. However, existing semi-supervised GAN 
(SGAN) model training does not attempt to use the label 
identify of generated samples to influence the training of the 
classifier[14]. Implementing the GAN framework on EEG 
signals is challenging due to training instability and frequency 
artifacts in the generator [4]. Artifacts can severely impair 
GAN convergence if the discriminator learns a poor solution 
and rejects generated samples based on these artifacts. This 
would collapse the semi-supervised GAN training and create 
a poor quality learning data representation, which in turn 
would result in a poor classification performance. 
  To address these issues, we propose an EEG specific 
semi-supervised Wasserstein GAN (sWGAN) architecture 
where the generator has two-step upsampling that combines 
bi-cubical interpolation upsampling and a deconvolution layer 
with Bi-linear weight initialization. This approach helps 
prevent frequency artifacts and stabilizes GAN training. We 
also propose an improved loss function that attempts to predict 
the labels of generated samples to be used for classifier 
training, which therefore improves the classifier performance. 
The proposed sWGAN framework is trained on two sets of 
XB-Driving EEG data, one including data from a single 
channel and the second consisting of data from 64 channels. 
In both datasets the trained semi-supervised GAN classifier 
improved prediction of driver fatigue in comparison to 
convolutional neural network models. 

II. METHODS 

A. Mathematical Background on Generative Adversarial 

Networks 
The basic GAN framework consists of two opposing 

networks trying to outplay each other[3]. Given the real data 
distribution ℙ𝑟 and the generated data distribution ℙɵ, the first 
network, the discriminator 𝐷, is trained to distinguish between 
real 𝑥𝑟  and fake 𝑥𝑓  data. The second network, the 

generator 𝐺 , takes a latent noise variable 𝑧  from a random 
distribution ℙ𝑧 as input and tries to generate fake samples 𝑥𝑓 

to fool the 𝐷. This  results in a minimax game, in which the 𝐺 
is forced by the 𝐷 to produce ever better samples. However, 
the vanilla GANs suffers heavily from training instability and 
is restricted to low resolution images. Much advancement in 
regards to stability and the quality of the generated images has 
been made with different regularization methods [15]. The 
Wasserstein GAN (WGAN) with a gradient penalty loss 
function has been shown to effectively improve training 
stability and convergence. The Wasserstein GAN minimizes 
the Wasserstein distance between the real and fake data 
distributions  

     𝑊̃(ℙ𝑟ℙɵ) = 𝐸𝑥𝑟  ̴ ℙ𝑟
[𝐷(𝑥𝑟)] − 𝐸𝑥𝑓  ̴ ℙɵ

[𝐷(𝑥𝑓)]         (1) 

where the generator maximizes 𝐸𝑥𝑓  ̴ ℙɵ
[𝐷(𝑥𝑓)], whereas the 

discriminator minimizes 𝑊̃.  The WGAN requires 𝐷(𝑥) to be 
K-Lipschitz [16] and this can be achieved by clipping the 
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weights of the discriminator to an interval [−c, c] (WGAN 
clip). A more elegant solution is achieved by adding a gradient 
penalty term to the WGAN loss (1) 

     𝑃2(ℙ𝑥) =  𝜆 · 𝐸𝑥   ̴ ℙ𝑥̂
[(‖∇𝑥𝐷(𝑥̂)‖2 − 1)2]               (2) 

where 𝜆 is a hyper parameter controlling the trade-off between 
the WGAN loss (1) and gradient penalty (2), 𝑥̂  denotes the 
data points lying on a straight line between ℙ𝑟  and ℙɵ.  
 The GAN framework can be extended for semi-supervised 
learning, which includes an additional classification task as 
shown in [14]. To achieve this, the classifier and discriminator 
share lower layers. This results in two sets of outputs; one 
discriminator branch and one classifier branch. In addition, the 
classifier also adds one additional class 𝑦𝑓 for fake samples. 

Adding a classifier branch does not change the basic GAN 
framework and discriminator still plays a vital role in the GAN 
training. The discriminator branch computes the minimax loss 
also called the GAN loss i.e. likelihood of real 𝐸[𝐷(𝑥)] and 

fake samples 𝐸[D(G(z))] . The classification branch 

computes the likelihood of classes 𝑦𝑟 for the real samples in 
the data in addition to a  GAN loss class [14]. The classifier 
branch will still have the GAN loss term while predicting fake 
classes since we do not have labels to assign for predicted 
classes 𝑦𝑓. The classifier losses for real and fake samples can 

be expressed as  

         min
𝑦𝑟

𝐻[𝑝(𝑦𝑟|𝑥𝑟),  𝐶],   with 𝑥𝑟  ̴ ℙ𝑥               (3) 

           min
𝑦𝑓

𝐻[𝑝(𝑦𝑓|𝑥𝑓),  𝐶],   with 𝑥𝑓   ̴ ℙɵ               (4) 

Adding an extra GAN loss term helps the training process, 
however, the absence of target fake labels weaken this 
method. One reason is that the loss for predicted fake labels 
𝑦𝑓 does not contribute to the total loss used for optimization. 

Secondly, this part of lothe ss adversely affects training when 
the generated samples gets close to real samples. Since the 
total loss for generated samples is still only the GAN loss 
while for the real samples it is the addition of GAN loss and 
loss calculated in predicting real classes  𝑦𝑟  there is an 
unbalanced mini-max optimization that prevents the algorithm 
from reaching its full potential.   
 In this work we propose an improvement to the above 
semi-supervised GAN (SGAN) frameworks to efficiently 
classify EEG data. The fake class labels 𝑦𝑓 for the generated 

samples (𝑥𝑓  ̴ ℙɵ)  are now predicted from the model itself 

as 𝐶(𝐺(𝑧)), which is optimized simultaneously with the real 

data samples (𝑥𝑟   ̴ ℙ𝑟) training. This enables us to remove the 
GAN loss class from the classifier’s loss branch. The 
architecture of the proposed semi-supervised Wasserstein 
GAN (sWGAN) is shown in Figure 1(a). Now the classifier 
loss will try to decrease the entropy of real samples, as 
demonstrated in (5) and Figure 1(b), and generated samples as 
shown in (6) and Figure 1(c).  

          min
𝑦𝑟

𝐻[𝑝(𝑦𝑟|𝑥𝑟 ,  𝐶)],   with 𝑥𝑟   ̴ ℙ𝑥                          (5) 

 min
𝐶(𝐺(𝑧))

𝐻[𝑝(𝐶(𝐺(𝑧))|𝑥𝑓 ,  𝐶)],   with 𝑧  ̴ ℙ𝑧 & 𝑥𝑓   ̴ ℙɵ          (6) 

 Since the WGAN loss with gradient penalty has proven to 
be an efficient loss function for GANs, we use this for our 
discriminator loss branch.  

B. Generator architecture for EEG time-series data 
The GAN generator takes a random noise vector as input 

and generates samples by gradually upsampling the input 
dimension. The upsampling method plays an important role in 
determining the quality of generated samples, which in turn 
will impact overall GAN training. Deconvolution, also known 
as transposed convolution or fractionally strided convolution, 
has been effectively used for increasing the resolution in 
image related tasks and can also be used here for upsampling 
in the GAN generator [17]. In the deconvolution operation, 
based on the upsampling factor, input values of zero are 
inserted between consecutive input values, and a trainable 
kernel is applied to perform a convolution operation (Figure 
2). The number of zeros to be inserted are calculated by 
subtracting 1 from the upsampling factor. However, when the 
kernel stride of deconvolution is smaller than the kernel size 
there is an uneven overlap in the output regions [18]. The 
uneven overlap positions cause the checkerboard pattern in the 
resulting image.  

Ideally, the deep learning model should learn the weights 
carefully for unevenly overlapping positions so that 
checkerboard pattern at the output can addressed. However, it 
is a balancing act to learn the weights for both even and 
uneven overlap positions. The problem can be partially 
addressed by choosing a kernel size that is divisible by 
deconvolution stride, but evenly overlapping regions too can 
still learn kernels that cause similar artifacts. A significant 
presence of such patterns in time series signals produce huge 
frequency artifacts, which can force the discriminator to learn 
a trivial solution to reject generated samples based on these 

 
Figure 1 a): The illustration of the proposed sWGAN framework. It has two outputs at the discriminator architecture, a classifier and a 
discriminator. The discriminator discriminates real from generated data based on the WGAN loss, and the classifier predicts the class labels 
based on the cross entropy loss. b) The illustration of discriminator and classifier loss for real samples. c) The illustration of discriminator 
and classifier loss for generated samples. 
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artifacts and collapse the entire training process. One natural 
approach to avoid these artifacts is to unfold the deconvolution 
process by using an up-sampling layer through bilinear 
interpolation, bi-cubical interpolation, or nearest neighbor 
interpolation, followed by a convolution kernel [19]. 

The upsampling task is a key feature of  GAN architecture 
for the generation of time series EEG data bcause it can reduce 
artifacts and improve discriminator stability. Based on our 
experience, the interpolation upsampling methods including 
the nearest neighbor and bi-cubical interpolation can generate 
EEG signals with good shapes but fail to capture the signal 
amplitude. The classifier of such a semi-supervised GAN 
model also yields both poor classifier performance and longer 
converge times. Conversely, the deconvolution captures the 
amplitude but produces large artifacts in the generated signals. 
 To address these issues, we used a deconvolution layer 
with bilinear weights initialization. The idea of initializing the 
deconvolution kernel is to encourage a bilinear interpolation. 
The bilinear weights initialization for one dimensional 
upsampling assumes an upsampling factor of 3 and a 
deconvolution kernel with weights 𝑤1, 𝑤2, 𝑤3, 𝑤4, and 𝑤5 as 
depicted in Figure 3. The weight calculation for interpolation 
of 𝑖1is performed by sliding the center weight 𝑤3 on pixel 𝑖1. 
The bilinear weights 𝑤1 and 𝑤4can now be calculated based 
on the contribution of ‘𝑧1

1’ and ‘ 𝑧2
1’ to interpolate 𝑖1 . Hence 

the weight 𝑤4 comes out to be 2/3  and 𝑤1  to be 1/3 . 
Similarly, by sliding the center weight 𝑤3  at  𝑖2  , we can 
calculate the contribution of ‘𝑧1

1’ and ‘ 𝑧2
1’ for interpolating 𝑖2. 

Finally, we can assign a weight value 1 to the center 
weight 𝑤3. This way we can still preserve the advantages of 
the bi-linear interpolation by avoiding artifacts and have a 
trainable kernel to help learn the amplitude of real samples, 
thus increasing classification performance.  

C. Proposed Semi-supervised GAN (sWGAN) architecture.  
In the proposed sWGAN, the upsampling process uses a 

two-step upsampling by the factor of 2 in the generator with 

combinations of fully connected layers and convolution 
layers. In first step upsampling, a bi-cubical interpolation 
followed by a convolution layer is used and then a 
deconvolution with bilinear weights initialization is applied in 
the second step. The kernel size of deconvolution is kept (1 ×
4) for experimenting on one channel EEG data and (4 × 4) 
for all 64  channels while the stride is kept  2 . The 
deconvolution kernel in both the cases is kept divisible by the 
stride in order to avoid checkerboard patterns. Bi-cubical 
interpolation has been shown to perform better compared to 
other sampling methods in first step. This upsampling 
arrangement gives the best performance in reducing artifacts 
and improving GAN training and, eventually, classifier 
performance.  

The detailed sWGAN model architectures for a single-
channel and 64-channel input EEG data are shown in Table 1 
and 2, respectively. The only difference between the 64-
channel and 1-channel architectures is that for 6 chanels the 
deep learning operations such as upsampling, convolution, 
and activations are performed in both EEG channel and time 
step dimensions, while operations for a single channel are 
performed only in the time dimension (the kernel dimension 
for EEG channels is kept 1 ). Because the sWGAN 
architecture for 64 channels and 1 channel are similar in terms 
of model layers and upsampling methods, only the 64 channel 
architecture is described here. However, the component 
tables for both the architecture are provided.  

The generator of the 64-channel sWGAN takes input as a 
sample from a120-dimensional i.i.d normal distribution (0, 1) 
followed by a fully connected layer of 1024  neurons and 
Leaky Relu activation function. Another block of 2048 
neurons is used through this time batch normalization is 
performed before applying the activation function. The output 
of these blokes is reshaped to (128 × 16 × 16). A Bi-cubical 
interpolation upsampling with batch normalization and Leaky 
Relu is done in both EEG channel and time dimensions to get 
an increased resolution of (128 × 32 × 32). This output is fed 
to a 2D convolution block with 64 kernels of size (3 × 3) with 
batch normalization and activation for the second stage of 
upsampling which uses the deconvolution layer of (4 × 4) 
kernel with bilinear weight initialization instead. Finally, a 
convolution layer with of (3 × 3) with one kernel is applied at 
the end of generator architecture to generate a dimension 
consistent to real signals.  Discriminator architecture is very 
similar to any convolutional neural network (CNN) classifier 
which takes an EEG input of dimension ( 64 × 64) . An 
additional Gaussian noise at the beginning of discriminator 
architecture helps improve training stability and learning.  

 
Generator Discriminator 

Layer  Output 

Shape               

Layer Output 

Shape               

Input layer               120 Input layer               1, 64, 1 

Fully connect.               1024 Gaussian noise 1, 64, 1 

LeakyReLU 1024 Conv. 2D             1, 64, 64 

Fully connect.               2048 LeakyReLU 1, 64, 64 

Batch Norm. 2048           Conv. 2D             1, 32, 128 

LeakyReLU 2048               LeakyReLU 1, 32, 128 

Reshape           1, 16, 128 Conv. 2D             1, 16, 128 

Upsampling  1, 32, 128       LeakyReLU 1, 16, 128 

Batch Norm. 1, 32, 128 Flatten               2048 

LeakyReLU 1, 32, 128  Fully connect.               1024 

Conv. 2D             1, 32, 64 LeakyReLU 1024 

Batch Norm. 1, 32, 64 Validity (r/f)  1 

LeakyReLU 1, 32, 64 Classes 2 

 
Figure 2: Deconvolution process to up-sample 𝑧1to 
𝑧2 by a factor of 3 such that: 

𝑧1
2 =  𝑧1

1𝑤5 + 𝑖1𝑤4 + 𝑖2𝑤3 + 𝑧2
1𝑤2 + 𝑖3𝑤1 

𝑧1
2 =  𝑖1𝑤5 + 𝑖2𝑤4 + 𝑧2

1𝑤3 + 𝑖3𝑤2 + 𝑖4𝑤1 
 

 
a) 

 
b) 

c) 

Figure 3 a) Bilinear weights {𝑤1, 𝑤2, 𝑤3,𝑤4, 𝑤5} 

Initialization of a deconvolution kernel for an 
upsampling factor 3, the corresponding. Input pixels 

(𝑧1
1, 𝑧2

1) and the pixels for the bilinear interpolation 
𝑖1 and 𝑖2.  b) Initializing weights 𝑤4 and 𝑤1 to 
perform interpolate at pixel ‘ 𝑖1 ’. c)  Initializing 
weights 𝑤5and 𝑤2to perform interpolate at pixel ‘𝑖2’ 

2/3 1/3

2/3 1/3



Deconv. with 

Bilinear weight 

1, 64, 128 Generator Parameters: 

Total: 2,285,761 

Trainable: 4,736  

Discriminator Parameters: 

Total: 2,173,441 

Trainable: 2,173,441 

Batch Norm. 1, 64, 128 

LeakyReLU 1, 64, 128 

Conv. 2D             1, 64, 1 

Output layer 1, 64, 1 
Table 1: Proposed Architecture for 1-channel EEG input 

Generator Discriminator 

Layer  Output 

Shape               

Layer Output 

Shape               

Input layer               120 Input layer              64, 64, 1 

Fully connect.               1024 Gaussian noise 64, 64, 1 

LeakyReLU 1024 Conv. 2D             64, 64, 64 

Fully connect.               32768 LeakyReLU 64, 64, 64 

Batch Norm. 32768 Conv. 2D             32, 32, 128 

LeakyReLU 32768 LeakyReLU 32, 32, 128 

Reshape           16, 16, 128 Conv. 2D             16, 16, 128 

Upsampling  32, 32, 128       LeakyReLU 16, 16, 128 

Batch Norm. 32, 32, 128 Fully connect.               32768 

LeakyReLU 32, 32, 128  Fully connect.               1024 

Conv. 2D             32, 32, 64 LeakyReLU 1024 

Batch Norm. 32, 32, 64 Validity (r/f)  1 

LeakyReLU 32, 32, 64 Classes 2 

Deconv. with 

Bilinear weight 

64, 64, 128 Generator Parameters: 

Total: 34,049,601 

Trainable: 33,983,425 

Discriminator Parameters: 

Total: 33,777,536 

Trainable: 33,777,536 

Batch Norm. 64, 64, 128 

LeakyReLU 64, 64, 128 

Conv. 2D             64, 64, 1 

Output layer 64, 64, 1 
Table 2: Proposed Architecture for 64-channel EEG input 

 Three blocks of 2D convolution with Leaky Relu are 
added before flattening the input to finally feed into a fully 
connected block with 1024 neurons. Finally we take two sets 
of outputs, one output is a logit with a single neuron also called 
as validity (real/fake) for WGAN loss which tries to reduce 
the earth moving distance between logits of real samples and 
generated samples and second a two-neuron output to model 
the class probability for classification task [Figure 1a]. The 
training ratio of 1: 5 is kept for generator and discriminator 
update to extract maximum performance.   

III. DATASET AND PREPROCESSING 

A. XB-Driving Dataset 
The XB-Driving EEG datasets were collected form a 

simulated driving experiment, where 100 young adult subjects 
participated in a virtual reality driving task. Each task included 
either 6, 10-min sessions, 2, 30-min sessions, or a single 45-
min session, where both steering and speed must be controlled 
by the drivers. Every 8 to 12 seconds, a perturbation to the 
right or left of the driving lane was introduced to push the car 
out of the driving lane. The driver then had to rapidly steer the 
car back to the driving lane. The driver’s reaction time (RT) 
was measured to gauge the driver’s fatigue state. RT is defined 
as the time between the onset of the lane perturbation and the 
instance that the subject began to steer the car back to the 
driving lane. The mean RT (±SD) of  all drivers 1.48 ± 0.30 
sec. Two states were defined based on RT, where and the 
driver was considered as in the alert condition when 

 RT ≤ Mean(RTs)-2Std(RTs)=1.48-2(0.30)=0.88s 

or in the drowsy condition when 

 RT ≥ Mean(RTs)+2Std(RTs)= 1.48+2(0.30)=2.08s.

BioSemi EEG systems with 64 channels and a 256 Hz 
sampling rate were used for EEG recording. The EEG signals 
were first band-pass filtered with a bandwidth of 0.1-55 Hz to 

remove the DC and electrical noise and then down-sampled to 
128 Hz. Since the RT-defined alert/drowsy state reflects the 
fatigue condition of the driver right before perturbation, 1s 
EEG epochs of dimension 64×128 were extracted from one 
second before each perturbation and further down-sampled to 
64Hz. We labeled each epoch as either drowsy or alert state 
based on the corresponding RT-defined fatigue condition. We 
balanced the data by randomly dropping extra drowsy samples 
to get 752 samples in each of the states (alert, drowsy. 
     The topographic plots of the averaged alert and drowsy 
samples for all 64 channels are shown in Figure 4. We can 
clearly see activation in the left temporal regions under the 
alert state and deactivation in the right frontal region under the 
drowsy state. The data are divided into training and test sets 
of 1000 and 500 samples, respectively.    

IV. EXPERIMENTS, RESULTS AND DISCUSSION 
Performance of the proposed sWGAN was first assessed 

on a single channel EEG samples, and then on 64-channel 
data. The single channel of interest was selected using 
sequential forward selection criteria and a Support Vector 
Machine (SVM) with a polynomial kernel. The channel AF7 
was selected, which gave 53.82%  classification AUC 
performance,  

The experiments are divided into three parts. We started 
our experiments with training a baseline Convolutional Neural 
Network (CNN) classifier to classify between alert and 
drowsy state. We also trained the existing semi-supervised 
GAN (SGAN) framework as another [14]. We, however, 
don’t use their architecture, which is tuned for MNIST data. 
Our proposed EEG specific architecture was used in the 
SGAN network instead. Our proposed sWGAN architecture 
was then trained 20 times, and the performance statistics are 
summarized. These experiments are performed for both 1-
channel and 64-channel data.  Area under the ROC curve 
(AUC) was used to measure the performance.   

A. Performance of the baseline CNN Classifier  
We trained the baseline CNN classifiers for 1-channel and 

64 channel data separately. The hyper parameters of both the 
classifiers are tuned using hyperas. The 1-channel CNN 
classifier consists of 3 convolution blocks with 64 kernels 
each,  a kernel size of (1×3), a batch normalization, Relu 
activation function, max pooling with pool size (1,2),  stride 
(1×2), and a dropout layer as shown in Table 3. 

Layer Details 

Convolution Kernel size (1x3) 

Batch Normalization channel axis 

Activation Relu 

Max Pooling Pool size (1, 2), Stride = (1, 2) 

Drop-out 0.1 

  
Figure 4: The topo plots of the averaged alert and drowsy 
samples.  

Alerts Drowsy



Table 3: Convolution Block 
The output of the convolution layers is flattened before 

being passed on to the fully connected layer and the sigmoid 
activation. The model is trained to reduce binary cross entropy 
loss with an ADAM optimizer. A similar architecture is used 
for the classifier trained on 64 channel. The differences are in 
the convolution and max pooling kernel size, where a 2D 
convolution the kernel of size (3x3) and max pooling kernel is 
kept (2, 2) with a stride of (2, 2). 

As shown in Table 4, the average CNN classifier AUC for 
1-channel data was 56.85% and for 64 channel was 63.31%  

B. Performance of baseline Semi-supervised GAN (SGAN)  

The baseline SGAN was also trained for 1-channel and 

64-channel data. The GAN training suffered from instability; 

when modeling was performed multiple times the same EEG 

input yielded highly different results. Similarly, due to the 

adversarial framework, it is not certain when the optimal 

classification performance will occur.  Thus, it is useful to 

create checkpoints of model weights to be able to use the best 

GAN classifier afterward. We also calculate the GAN 

classifier AUC on test data after each training epoch. This 

AUC can also be used as training guidance.  

The baseline SGAN achieved a mean AUC of 60.27% on 

1-channel data and 62.84% on 64 channel data (Table 4). The 

average AUC of SGAN exceeds the mean AUC of CNN for 

1 channel (56.85 %), but is slightly worse for 64 channels 

(63.31%). This suggests the inability of the current 

framework to model multi-channel distribution. Also, as 

depicted in the error bar plot of classification AUC for 1-

channel (Figure 5), the standard deviation of 20 trials of 

SGAN in 1- channel case is 2.27 as compared to 2.02 in that 

of CNN. On the other hand, the standard deviation for 64-

channel SGAN is 3.24, which is > 1.47 of 64-channel CNN 

and 1- channels SGAN (Figure 6). This intuitively suggests 

that the existing SGAN framework struggles to model a 

complicated distribution with a possibly increased number of 

modes within the data.   

C. Proposed semi-supervised WGAN (sWGAN) training 

The proposed sWGAN was also trained on both 1-channel 

and 64-channel data. Since the novelty of this method over the 

baseline SGAN is that in case of SGAN the loss for predicted 

fake labels does not contribute to the total loss used for 

optimization. The proposed sWGAN attempts to predict the 

labels of generated samples to be used for classifier training, 

which therefore improves the classifier performance. The 

proposed sWGAN outperformed both the baseline CNN and 

the existing SGAN framework in terms of classification AUC 

performance. As shown in Table 4, the average AUC on 64 

channel data is 66.49% for sWGAN as compared to 62.84% 

in case of SGAN and 63.312% for baseline CNN. The 

increased AUC suggests that the improved loss function helps 

the sWGAN to learn the distribution better by taking 

advantage of generated data labels. Similarly, for 1-channel 

sWGAN the average AUC is 63.17% which is better than 

62.27% average AUC of SGAN and 56.85% average AUC of 

baseline CNN, depicted in Table 4. Notably, the difference in 

the margin of mean AUCs for 1-channel sWGAN and 1-

channel SGAN is < the 64-channel case. This bolsters the 

argument that with the increased complication and modes in 

the data with the proposed sWGAN is a promising approach.  

Another aspect of our approach is the stability and 

consistency in the learning process. The sWGAN stabilizes 

adversarial training with the help of generated samples and 

labels. Hence, the classifier performance is more consistent, 

as can be seen by a much lower standard deviation of 1.38 for 

the 64 channel as compared to 3.24 of SGAN in Figure 6. The 

standard deviation in the 1-channel case is 0.9103 for 

sWGAN which is again < 2.2693 for that of SGAN (Figure 

5). These lower standard deviations suggest that the sWGAN 

approach is less affected with the initial states and also learns 

the data modes better than the existing SGAN framework.  

V. CONCLUSION 
A semi-supervised WGAN (sWGAN) is proposed to 

classify EEG data collected during a driving simulator 
experiment. To overcome the creation of artifacts by the 
generator, we proposed a combination of interpolation and 
deconvolution with bilinear weights initialization for 
upsampling in the generator. The proposed architecture used 
the fake labels, which are predicted by the classifier trained on 
real data, for the gradient calculation on fake data samples for 
optimization of classifier part. The discriminator part, on the 
other hand, uses the Wasserstein loss with gradient penalty. 
We empirically show that this framework had promising 
results in terms of increased stability and improved 
classification performance. The semi-supervised learning of 
GANS for EEG data opens up the possibility of extending this 
framework to unsupervised representation by taking 
advantage of unlabeled data. Such an approach could enhance 
AI studies of EEG due to the scarcity of good EEG data.  
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Classifier AUC Evaluation 

‘AF7’ 

Channel 

Baseline 

CNN 

Baseline 

SGAN 

Proposed 

sWGAN 

Mean 56.85 60.27 63.17 

STD 2.0228 2.2693 0.9103 

64 

Channels 

Baseline 

CNN 

Baseline 

SGAN 

Proposed 

sWGAN 

Mean 63.318 62.84 66.49 

STD 1.4784 3.2415 1.3790 
 

Table 4: Classification results baseline methods and proposed 
sWGAN 

 
Figure 5: Error bar of classification AUC of baseline 
methods and proposed sWGAN for 64 channels 

 
Figure 6: Error bar of classification AUC of baseline 
methods and proposed sWGAN for single channel 
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