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Abstract—This report investigates the possibility of utilizing
Convolutional Neural Networks (CNN) for EEG signal analysis.
More specifically, the problem investigated is Epilepsy seizure
forecasting from EEG signals. Seizure prediction is an appli-
cation with interesting tangible real world benefits. This report
experiments various CNN architectures for the seizure prediction
task, focusing on end-to-end solutions without traditional signal
processing methods.

I. INTRODUCTION

Epilepsy seizure forecasting attempts to predict an increased
risk of seizure before the beginning of the actual seizure. Ac-
cording to the American Epilepsy Society Seizure Prediction
Challenge [1], the brain activity of an epilepsy patient can
be divided into four states: Interictal (baseline, no seizure
incoming), Preictal (before the seizure), Ictal (during the
seizure), and Post-Ica (after the seizure). The purpose of the
Seizure Prediction Challenge is to distinguish whether a brain
activity was measured during Interictal or Preictal period. The
brain activity is provided as 16 electrode EEG signals, either
from either Interictal or Preictal period.

The analysis of raw signals, such as EEG signal, often
relies on transforming the signal into frequency domain using
Fourier transform or Wavelet transform. Focusing on the
feature preparation process would normally be a natural first
step for problems of this nature, however, we wanted to mainly
focus on end-to-end educating ourselves on deep learning
approaches and chose Convolutional Neural Networks (CNN)
for this task. CNN has shown state-of-the art results for image
recognition tasks, which results from its capability to interpret
patterns from raw signal. EEG signal is a one dimensional
signal containing multiple channels (electrodes), as opposed to
two dimensions and three channels of RGB images. Another
possibility would’ve been to utilize Recurrent Neural Networks
(RNN), which are a good choice for sequential data, i.e signals
over time.

II. RELATED WORK

There are multiple papers describing various Deep Learning
methods for EEG data. Our models was mostly based on ideas
found on [2]. Their implementation is purely based on CNN
similarly to ours and the data used is for seizure prediction
as well. There is also a good thesis [3] analysing the use of
RNN for the seizure prediction task.

The winning solution for this particular Kaggle competition
[4] did not utilize Deep Learning in their model. Their work
focuses on feature extraction using various signal processing

techniques and ensembles multiple base models into the final
predictions. Their AUC score was a stunning 0.90315 for the
public leaderboard of the competition.

III. DATA

The data used in this report is part of a published dataset
for Kaggle competition American Epilepsy Society Seizure
Prediction Challenge [1]. The competition provides multiple
datasets, out of which a single dataset titled ”Dog 1.tar.gz”
was analyzed in this report. The dataset contains 480 interictal,
24 preictal and 502 test segments. Each segment contains 10
minutes of EEG samples, sampled at frequency 399.6098 and
therefore having a dimensionality of d = 239766. There are in
total 16 electrodes, which leads to a tremendous total dimen-
sionality of 3836256. Approximately one second samples from
both Preictal and Interictal segments can be seen in Figure 1.
As seen in Figure 1, preictal and interictal signals can already
be distinguished on fairly high frequencies.

Instead of creating predictions for each segment as a whole,
we split the segments into sub-segments and create predictions
for the sub-segments individually. By splitting the segments,
we were able to increase the amount of training samples and
reduce the size of the model which made the utilization of
CNN feasible. Various sub-segment sizes are tried and reported
further in this paper, however, sub-segment sizes between
80 and 512 were tried here. The predictions for the whole
segments can later be made by averaging the sub-segment
predictions.

In order to enhance convergence, we normalized the signals
by subtracting the features by the training set mean and
dividing by its standard deviation:

ŷ =
y − y

σy
(1)

The data is highly imbalanced as the ratio between Interictal
and Preictal segments is 20 to 1. The AUC evaluation metric
did not suffer from the imbalance during the evaluation,
however, during the training the standard cross entropy failed
to distinguish between the two classes. For this reason we
oversampled the Preictal segments in order to balance the
datasets for training. However, we preserved the original ratio
for the evaluation set for more comparable results.

IV. METHOD

We chose to use convolutional neural networks to solve this
classification task. Our architecture can be seen in Figure 2.



Fig. 1: Visualization of one second of Preictal and Interictal
EEG signals

Convolutional neural network consists of convolutional layers
that learn to find patterns from the data by creating filters. In
our case, layers might learn to find different trendlines. Some
filter might be able to detect when the signal is going up, and
some other might learn to find the peak values of the signal.
Parameter sharing is used to limit the number of weights and
to apply the same filter for each part of a single data sample.
This is the foundation of a convolutional layer. An operation
called convolution operation is performed for each filter to
obtain the results discussed previously in this chapter.

There are number of hyperparameters for each convolutional
layer that need to tuned. We have to specify the receptive field,
that is how large we want our filters to be. In our best model,
the receptive field for the first convolutional layer is (10, 1)
and the amount of input channels is 4, which means that each
of our filters ”look” at 10 timesteps of 1D time signal and 4
electrodes at once. Another important hyperparameter is the
stride size, that is essentially how we move our receptive field.
For instance we use stride of 1 which means that we move
our receptive field 1 timestep forward each time. Padding also
need to be specified. This means that how we deal with values
around the borders of a sample. We are using V ALID padding
in all of our layers, which means that we drop out the values
close to the borders of a data sample. We also have to specify
how many filters do we have for each layer.

After the convolutional layer, we do batch normalization.
The idea behind batch normalization is to decrease internal
covariance shift that is decrease how much our hidden units
can change over different batches [5]. Essentially we are
scaling and adjusting the the activations by this formula:

Fig. 2: Model 3: Architecture of our primary model.

γ(x− µ)

σ
+ β

where

γ = scale
β = offset
x = input (weights)
µ = mean
σ = variance

Batch normalization can make the learning faster and allow
us to use larger learning rates [5].

After each layer, we have to apply a activation function
to make the weights non linear for the next layer. We are
using ELU, exponential linear units for activations between



convolutional layer and pooling layer, that will be covered
shortly. ELU has been shown to perform better than RELU
(rectified linear unit) by speeding up the learning [6]. Ther
formula for ELU is descriped below:{

x, x > 0
α(exp(x)− 1), x ≤ 0

where α determines where the negative values are saturated
[6].

ELU is especially fast to calculate, because it’s derivate is
simple, which makes it suitable for backpropagation. Deriva-
tive can be seen below.{

1, x > 0
α(exp(x)− 1) + α, x ≤ 0

After the activation is applied, we do max pooling. The idea
behind pooling is to reduce the dimensionality or our output
from a convolutional layer. We are using max pooling so we
choose the maximum value from a set of weights. There are
3 hyperparameters that controls the behaviour. We specify the
pool size, that determines the window size from which we
choose to maximum value. The other hyperparamter is stride
that operates the same as in convolutional layer. The last one
is padding which is the same is in convolutional layer. We are
using V ALID padding in all our cases.

Softmax cross entropy was used as our loss function. Cross
entropy compares the distribution predicted by the model
against the the actual distribution.

H(y, p) = −
∑
i

yilog(pi)

Where yi is the label and pi the predicted label (probability).
And the derivative with softmax is [7]:

∂L

∂oi
= pi − yi

Adam was used as an optimization function. Adam combines
two different optimization methods: RMSProp and AdaGrad.
Basically Adam adjusts the learining rate dynamically by cal-
culating the moving average [8]. Adam has 4 hyperparameters,
learning rate, β1 that is the decay rate for the first moment,
β2 that is the decay rate for the second moment and ε that is
a small value used for numerical stability [8].

V. EXPERIMENTS

Our primary model consisted of a simple CNN architecture,
described in the Method section. We tried multiple variations
for this model (Model 1, Model 2, Model 3). In our experi-
ments, we focused on finding the sufficient time window and
experimenting how the amount of electrodes improves the
results. For regularization, we resulted in early stopping and
relying on batch normalization as it does produce some level
of regularizaiton.

Model 1 used single electrode input with 80 time step sub-
segments. This was our starting point where we tried to create
a simplest possible model for the task (the model turned out to

be insufficiently simple). The fully-connected layer used 1024
nodes, which was probably a cause of heavy overfit.

After Model 1, we created Model 2 by adding more depth to
the model with a third convolutional layer and increasing the
time dimension to 240 for each sub-segment. This improved
the results significantly, but also increased the memory con-
sumption of the model. We also reduced the fully-connected
layer width to 256 nodes which seemed a reasonable choice
due to large amount of overfitting.

Model 3 included additional electrodes by using in total
four electrodes. Otherwise the model architecture was kept the
same. In all the cases we used early stopping to avoid overfit-
ting as much as possible. We also compared the convergence
of ReLU and ELU for this model, see Figure 4.

We tried two alternative models as well. One promising
approach was to perform a wavelet transform on the dataset for
a single electrode and then use convolutional neural network
to do the classification. Wavelet has been previously used
succesfully for EEG classification [9].

We tried to tune the network by changing the number of
filters per layer, removing and adding new convolutional layers
and changing the respective field. Different max pooling sizes
were also eperimented mainly ranging between 1− 4 for both
axis. Fully connected part of the netwok was also tuned by
making it more deep and adding more nodes. Adam was used
for training and different learning rates ranging from 1e − 1
to 1e− 9 were tried.

The other approach we tried was based purely on this recent
paper [2]. We copied the exact network they used and adapted
it to our dataset. Model structure is defined in 6. The most
notable detail in this network is that we have a temporal con-
volutional layer right after the input to reduce dimensionality.
The difficulty with this dataset is the fact that we have data
from 16 different electrodes. For comparison normal RGB
image has 3 channels. The temporal convolutional layer is
applied individually for each channel/electrode and the idea
is to reduces the time dimensionality. Then the following
convolutional layer is applied across all electrodes so the point
is to find filters across all electrodes. In other words, this layer
tries to find similarities between different electrodes. After the
first two layers the dimensionality is significantly decreased.

The following layers are used to find smaller filters. At the
end we have fully connected layer.

We tried the model with normal bias and eventually with
batch normalization as suggested in the original paper [2].
ELU was used for activation. In other respects, we followed
the paper quite strcitly so we didn’t tune number filters, strides
or receptive field sizes. However, different learning rates were
tried.

VI. RESULTS

Model 1 lacked sufficient depth and was incapable of
generalizing to test data. The resulted AUC is equal to random
guessing. Also, the fully-connected layer was possibly too
wide and unregulated, which also reduced the generalization
capabilities. Model 2 did manage to create usable predictions,



Fig. 3: Models 1, 2, 3: Visualizaiton of model capacity and convergence.

Model ID Description AUC (sub-segment)
Wavelet Wavelet transformation + CNN 0.512

Schirrmeister et. al. Architecture based on this paper [2] 0.488
Model 1 Sub-segment length 80, 1 electrode 0.509
Model 2 Sub-segment length 240, 1 electrode 0.572
Model 3 Sub-segment length 240, 4 electrodes 0.644

TABLE I: Results from various experiments, evaluated on sub-segments.

Fig. 4: Comparison of convergence between ELU and ReLU
activations for the convolutional layers.

Fig. 5: Wavelet transformation for a single electrode.

clearly increasing the input data dimensionality and adding
depth to model improved the results to AUC 0.572. Even
further increasing the complexity in Model 3 by adding more
electrodes seemed to improve results as well. It seems that the
electrodes are not redundant and possibly the full 16 electrodes
should be used. Still, the improvement was significant even
with this data of manageable dimension.

Another interesting detail was that ELU activations for the
convolutional layers seemed to outperform ReLU by converg-
ing to more optimal minima as well as converging faster, see
4.

Preprocessing the data with wavelet transform did not
produce any good results as can be seen from the table. AUC
curve is nearly a straight line as in figure 7b so the predictive

Fig. 6: Schirrmeister et. al. : Architecture visualized in the
paper [2]

power of this approach is nearly useless. Loss convergences
rapidly and increasing the number of epochs does not seem to
help at all.

CNN architecture which was based on this recent paper
[2] did not produce that good results in our experiments.
The network is quite complex so it had a vast amount of
hyperparameters that can be tuned. The result achieved was
useless, because the AUC is below 0.5 as in the plot 7a.
Changing the learning rate or penalizing the loss function for



(a) Schirrmeister et. al.: ROC curve for model from the recent
paper [2]. (b) Wavelet: ROC curve for CNN with wavelet transform.

(c) Model 1: ROC curve for Model 1 (d) Model 2: ROC curve for Model 2

Fig. 7: ROC curves of sub-segment predictions for various experiments.

(a) Model 3: Sub-segmet AUC
(b) Model 3: Full segment AUC, segment predictions averaged
from sub-segement predictions.

Fig. 8: ROC curves for our best model

label imbalance did not produce any accuracy benefits.
Loss function penalization for wavelet model worked better

than the original wavelet model or the architecture based on
the paper. Even though AUC value was not as good as in
model 3, it was similar to model 2 (0.57).

VII. DISCUSSION

We wanted to compare the results against the public leader-
boards of the mentioned American Epilepsy Society Seizure
Prediction Challenge Kaggle competition [1], however, in
order to submit for the competition we would’ve needed to
make predictions for all the datasets, which totalled over 70GB

in size. This turned out to be too tedious and therefore we
only evaluated our results against a test dataset taken from the
labeled training data.

Our experiments were mostly compared using AUC of sub-
segment predictions. These sub-predictions produce presum-
ably lower AUC compared to the AUC of the full segment
predictions obtained by averaging the sub-segments, however
full segment predictions are very likely quite imprecise due to
low amount of samples available. Also, it can be expected that
the full segment predictions correlate highly with sub-segment
predictions.

The public leaderboard winner had 0.9 AUC. Approxi-



mately top 20% of the entries on the public leaderboard got
above 0.7 AUC. Comparing our results to these results is not
feasible due to (i) low amount of full segments in our test set
(ii) we only used ’Dog 1’ dataset. However, our best model
had full segment AUC 0.899 and 0.644 sub-segment AUC.
The full-segment AUC was averaged form the sub-segments.
The sub-segment AUC is much more reliable as the amount of
samples in sub-segment test set is much higher due to splitting
(in the order of hundreds of thousands vs hundreds for full-
segments). We made sure the test set did not contain sub-
segments from segments used in training. Also, seeing how
our initial models failed to predict the exactly same data at all
(AUC ≈ 0.5) gives us some confidence in our model.

VIII. CONCLUSIONS

This mini-project introduced us the challenges of applying
Deep Learning to real world data. Choosing between various
architectures and hyperparameter choices is time consuming
and non-trivial. As an example, we realized there are vari-
ous options for preventing model overfitting (dropout, early
stopping, weight penalty, network dimensions,..) all of which
can solve the problem in a given scenario. Selecting the
best strategy seems to be highly empirical and sometimes
confusing.

The best strategy for creating a usable model was to first
define the evaluation dataset and evaluation metrics. After this
initial setup, it makes sense to start with a simple model and
move towards more complex models by adding layers and
input features.

As for the results, CNNs seem to be suitable for the EEG
prediction task. The EEG signals carry meaningful information
at sub-second wave-lengths, making CNNs with manageable
sizes useful. It would be interesting to experiment RNNs as
well for the same task and compare the performance of the
two.

In general, CNNs are be quite heavy in terms of required
RAM and having a proper GPU is needed for larger networks,
especially for the state-of-the art results presented in the
papers. However, interesting results can be obtained even with
modest equipment by simplifying the network architectures
and applying data normalization and hyperparameter tuning.
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