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A B S T R A C T   

Electrical bio-signals have the potential to be used in different applications due to their hidden nature and their 
ability to facilitate liveness detection. This paper investigates the feasibility of using the Convolutional Neural 
Network (CNN) to classify and analyze electroencephalogram (EEG) data with their time-frequency represen
tations and class activation mapping (CAM) to detect epilepsy disease. Several types of pre-trained CNNs are 
employed for a multi-class classification task (AlexNet, GoogLeNet, ResNet-18, and ResNet-50) and their results 
are compared. Also, a novel convolutional neural network architecture comprised of two horizontally concate
nated GoogLeNets is proposed with two inputs scalograms and spectrogram of the eplictic EEG signal. Four 
segment lengths (4097, 2048, 1024, and 512 sampling points) with three time-frequency representations (short- 
time Fourier, Wavelet, and Hilbert-Huang transform) are statistically evaluated. The dataset used in this research 
is collected at the University of Bonn. The dataset is reorganized as normal, interictal, and ictal. The maximum 
achieved accuracies for 4097, 2048, 1024, and 512 sampling points are 100 %, 100 %, 100 %, and 99.5 % 
respectively. The CAM method is used to analyze discriminative regions of time-frequency representations of 
EEG segments and networks’ decisions. This method showed CNN models used different time and frequency 
regions of input images for each class with correct and incorrect predictions.   

1. Introduction 

Epilepsy is a chronic non-infectious disease of the brain [1]. Any 
person can develop epilepsy, and this disease affects both genders 
regardless of their race, ethnic background, and age [2]. Around 50 
million people living in low- and middle-income countries suffer from 
epilepsy, which is higher than the number of people affected by any 
other neurological diseases [1]. This disease causes repetitive seizures 
that lead to unintentional body parts or whole-body movement and 
sometimes, loss of consciousness and cognitive functions [3]. The 
extreme electrical discharge in a group of brain cells causes epileptic 
seizures [4]. Such discharges can be originated in a distinct region of the 
brain [1]. The severity of seizures can vary from a short loss of attention 
to long-lasting muscle contraction [5]. The frequency of seizures can 
also alter from one seizure in a year to many seizures in a day, making 
seizure prediction very difficult [5]. Because of these variations, seizures 
at certain times can cause dangerous situations such as falling, 
drowning, and car accidents for people with epilepsy. 

Electroencephalogram (EEG) signal is an effective clinical apparatus 
for determining brain diseases such as epilepsy, Alzheimer’s, Parkin
son’s disease, and sleep disorders [6]. Therefore, analysis and classifi
cation of EEG signals can help physicians to diagnose epilepsy. 
Generally, specialists classify EEG segments into three classes: ictal, 
interictal, and normal for analysis [6]. Ictal EEG is recorded during 
seizures and has characteristics of the hyper-synchronous electrical ac
tivity of the brain. EEG segment, which is recorded when the epileptic 
subject does not have a seizure is called interictal EEG. This EEG 
segment is of small spikes. Finally, normal EEG is recorded from a 
healthy subject. Fig. 1 depicts EEG segments of these classes. 

The application of deep learning especially Convolutional Neural 
Network (CNN) has gained popularity among researchers due to its 
state-of-art performance and its extensive applications in many research 
areas such as computer vision, image processing, biomedical image and 
signal classification, and authentication system [7]. CNN is a type of 
neural network that automatically extracts spatial features from its in
puts by convolution, activation, and pooling layers. It does not require 
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hand-crafted features and its applications demand much less domain 
knowledge compared to other classification algorithms. Therefore, this 
paper materializes two main goals by employing CNN and class acti
vation mapping (CAM):  

• Classification of EEG segments into three classes defined above using 
a convolutional neural network, and improve the accuracy achieved 
by other studies using CNN.  

• Analyzing important regions of time-frequency representations of 
EEG segments and interpret predictions using class activation map
ping (CAM). 

Recent developments in computer hardware systems and introducing 
new algorithms have enabled the use of deep learning [7]. Recently, 
deep learning algorithms, especially, CNN have been intensely exploited 
due to state-of-art performance in object recognition, object detection, 
computer vision, automatic speech recognition (ASR) applications [8,9]. 

Furthermore, CNN has been employed in biomedical applications 
[10]. Li et al. [11] proposed an end-to-end CNN classifier comprised of 9 
layers for binary classification of normal and ictal EEG segments. In this 
study, they reported an accuracy of 100 % using 2600 EEG segments. In 
another study, Acharya et al. [12] introduced an end-to-end CNN clas
sifier comprised of 13 layers for the multiclass classification of EEG 
signals. In this study, they used 300 signals consisting of normal, 
interictal, and ictal EEG classes taken from the University of Bonn EEG 
dataset [13]. Researchers reported an overall accuracy of 88.67 %. 
Yildirim et al. [14] proposed a deeper 1D CNN model with 23 layers for 
EEG signal classification. The data used in this study are a collection of 
2993 EEG signals containing both normal and abnormal classes. These 
signals were recorded from 2383 subjects, including males and females. 
The researcher reported an overall accuracy of 79.34 %. Thomas et al. 
[15] proposed a system that involves three modules: pre-preparing, 
EEG-level grouping, and waveform-level classification. They utilized a 
CNN system for waveform-level grouping and a support vector machine 
(SVM) for EEG-level characterization. Researchers assessed the pro
posed framework on a dataset of 156 EEGs recorded at Massachusetts 
General Hospital (MGH), Boston. The framework accomplished a mean 
4-fold classification precision of 83.86 % for grouping EEGs. Hu et al. 
[16] proposed a CNN model and SVM system instead of an end-to-end 
CNN model. They employed CNN for feature extraction from the 
amplitude spectrum of EEG signals and SVM to classify EEG signals 
using extracted features. They reported a classification accuracy of 
86.25 %. San-Segundo et al. [5] proposed the CNN model, which con
sists of 12 layers for the classification of epileptic EEG recordings. They 

evaluated several EEG signal transforms (raw data, Fourier transform, 
wavelet transform, and empirical mode decomposition) for generating 
the inputs to the CNN. The analysis was performed using Bern-Barcelona 
EEG and Epileptic Seizure Recognition datasets, obtaining noticeable 
improvements in the accuracy. 

The current state-of-art method was proposed by Ullah et al. [17]. 
They used the University of Bonn EEG dataset. This dataset has five 
classes of EEG signals (A, B, C, D, E). A and B consist of signals recorded 
from healthy subjects with eyes open and closed, respectively. C, D, and 
E have EEG signals recorded from epileptic subjects. Signals in C and D 
were collected during seizure-free periods while E was created during 
seizures. They proposed a memory-efficient CNN model that has few 
layers and no pooling layer. Inputs to the models were generated by a 
fixed-size sliding window that operates over raw EEG signals. To in
crease the number of samples, overlapping EEG segments were 
employed during the training of the models. However, different window 
sizes were not investigated. Ensemble of the models and a majority vote 
was used for final classification. Three classification problems were 
investigated: AB vs CD (normal vs interictal), AB vs CDE (normal vs 
epileptic), and AB vs CD vs. E (normal vs interictal vs ictal). Best 
cross-validated accuracies for AB vs. CD, AB vs CDE, AB vs CD vs. E are 
obtained as 99.8 %, 99.95 %, and 99.1, respectively. Even though they 
achieved a high accuracy for multi-class classification, it still lower than 
accuracies of binary classifications. Therefore, we think the accuracy 
can be improved more by utilizing combination of time-frequency 
transformations. Furthermore, they did not discuss using different 
CNN architectures nor how CNN models make decisions. 

A class activation map (CAM) for a certain category indicates the 
CNN’s discriminative image regions to recognize that category [18]. 
Zhou et al. [18] introduced class activation mapping to visualize 
discriminative image regions. They concluded that CNN models with 
global average pooling and trained for classification could be used to 
localize important image subregions. Jia et al. [19] used CAM to 
improve a CNN model’s classification performance for skin lesion clas
sification. They localized important image regions using CAM and 
extracted these regions. Then, they retrained the CNN with the regions 
and improved the classification performance of the CNN. Cai et al. [20] 
applied an advanced convolutional neural network to achieve accurate 
muscular dystrophy image classification and then performed CAM to 
highlight the important magnetic resonance imaging (MRI) image tex
tures. Liu et al. [21] proposed to adopt CNN to classify ultrasound im
ages and predict tumor malignancy. After network training was 
performed in this study, a radiologist visually inspected CAM of the last 
convolutional layer of the trained network to assess the output. They 
reported that the proposed classifier could not only give a reasonable 
performance in predicting breast cancer but also present potential lesion 
regions. 

This research achieves the goals by using several CNN structures and 
analysis of several time-frequency representations (TFR) to create inputs 
to CNN models. The main contributions are: 

• Analysis of four well-known CNN architectures (AlexNet, GoogLe
Net, ResNet-18, and ResNet-50). 

• Proposal and analysis of a novel two-inputs CNN architecture con
sisting of the horizontal concatenation of two GoogLeNet models.  

• Evaluation of several TFRs as inputs to CNN models: short-time 
Fourier transform (STFT), wavelet transform (WT), and Hilbert- 
Huang transform (HHT).  

• Evaluation of four segment lengths: 4097, 2048, 1024, and 512 
sampling points.  

• Usage of CAM for identification of discriminative regions of TFRs and 
interpretation of prediction of the CNN. This is the first study 
analyzing TFRs using CAM.  

• Segment length, TFRs, and CNN architectures were evaluated in the 
above-mentioned classification problem. EEG dataset of the Uni
versity of Bonn has been used in this study [13], achieving 

Fig. 1. Normal, interictal, and ictal EEG segments (amplitudes in μV).  
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noteworthy improvement in differentiating normal, interictal, and 
ictal EEG segments. CAM revealed time-frequency regions that are 
most benefited from by CNN models when predicting each class. 

This paper proposes employment of different and novel CNN archi
tectures for the classification of epileptic EEG segments, evaluate several 
TFRs to create inputs to the networks, analyze different EEG segment 
lengths, and interpret essential regions of TFRs of EEG segments and 
classification results using CAM. 

The paper is organized as follows. Section 2 details the dataset used 
in this work and data segmentation. Section 3 describes the methods 
used in this study, including the definition of TFRs and CNN. Section 4 
outlines the study and its results and compares them with previous 
works. Lastly, section 5 reviews the conclusions of this study. 

2. Dataset 

To evaluate our proposed methods’ performance, this study used a 
benchmark EEG dataset, which is the University of Bonn EEG dataset 
[13]. The complete dataset contains 500 single-channel EEG signals. All 
EEG signals were recorded with the same 128-channel amplifier system, 
using an average common reference and 10–20 system of electrode 
placement. After 12 bit analog-to-digital conversion, the data were 
written continuously onto the disk of a data acquisition computer sys
tem. The EEG was filtered using a bandpass filter. Band-pass filter set
tings were 0.5340 Hz ~12 dB/octave. The dataset includes five subsets 
(A, B, C, D, and E) and, each subset contains 100 EEG segments of 23.6 s. 

These segments were extracted from continuous single-channel EEG 
signals after visual inspection for artifacts. A and B’s EEG segments were 
recorded from five able-bodied volunteers with no health issues with 
eyes open and closed, respectively. Subsets C, D, and E were acquired 
from volunteers diagnosed with epilepsy. EEG segments of C and D 
contain activity during seizure-free intervals, and EEG segments of E 
contain seizure activity, selected from all recordings with ictal activity. 
All segments have a sampling frequency of 173.61 Hz and, thus, have 
4097 sampling points. More details can be found in [13]. 

This study followed the same protocol used in [12,22–25] such that 
datasets were grouped into three classes: (i) Normal (A and B); (ii) 
Interictal (C and D); and (iii) Ictal (E). Each EEG signal was segmented to 
(i) increase the number of samples for training CNN models and (ii) 
investigate the effects of segment length on the performance of the 
proposed method. Segment lengths of 4097 (original length), 2048, 
1024, and 512 were chosen for evaluation. Due to hardware limitation 
and long training time, training, validation, and a testing scheme was 
used instead of cross-validation. Each subset was equally and randomly 
divided into training and test sets. 10 % of the training set was used for 
validation during training. Table 1 lists a summary of the dataset with 
respect to segment length. 

3. Methodology 

This section introduces an overview of the methodology. It describes 
TFRs evaluated in this work, convolution neural network architectures 
used for epileptic EEG classification, and class activation mapping 
employed to localize discriminative regions of TFRs of EEG segments 
and interpretation of CNN prediction. 

3.1. Overview 

EEG segments used in this study were described in Section 3. EEG 
segments with different lengths were independently treated for analysis. 
Firstly, EEG segments are converted to images using three TFRs given in 
the introduction section. Secondly, these images are used in two ways:  

• First, images of each TFR were separately fed to pre-trained CNN 
models with one input (AlexNet, GoogLeNet, ResNet-18, and ResNet- 
50). This strategy is depicted in Fig. 2. 

Table 1 
Summary of the EEG dataset with respect to segment length (N: segment length).  

Set Subset Number of Samples   

N = 4097  N = 2048  N = 1024  N = 512  

Training 
Normal 100 200 400 800 
Interictal 100 200 400 800 
Ictal 50 100 200 400 

Test 
Normal 100 200 400 800 
Interictal 100 200 400 800 
Ictal 50 100 200 400 

Total  500 1000 2000 4000  

Fig. 2. Overview of strategy 1: CNN with one input.  
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• Second, STFT and WT images were fed to a pre-trained CNN model 
with two inputs (a model consisting of two horizontally concatenated 
GoogLeNets) together. This strategy is depicted in Fig. 3. 

Finally, data were categorized into normal, interictal, and ictal 
classes using CNN models. 

Fig. 3. Overview of strategy 2: CNN with two inputs.  

Fig. 4. TFRs of EEG segments in original resolution without labels and titles (x-axis is time in seconds, the y-axis is the frequency in Hz) a) spectrogram, b) scalogram, 
c) HHS. The first column is a normal segment, the second is interictal, and the third is ictal. 
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3.2. Time-frequency representations 

The frequency domain of a signal is mostly calculated by the well- 
known Fourier transform. However, its firm presumption on statio
narity is usually breached by biological signals. To deal with such sig
nals, Fourier transform is applied to a small portion of the signals that 
hold stationarity. This procedure is known as STFT. Although STFT 
weakens stationary requirement, it is hard to determine optimal window 
length. To overcome window length or temporal and spectral resolution 
trade-off issues, wavelet transform (WT) is developed. Thanks to varying 
window lengths, WT provides a better trade-off in temporal and spectral 
resolution. Despite both methods ease stationarity conditions, they are 
linear techniques unlike Hilbert-Huang transform which is suitable for 
both non-linear and non-stationary signals. Therefore, three mentioned 
transformations are employed to generate the inputs to CNN models. 
Fig. 4 shows TFRs of EEG segments of normal, interictal, and ictal 
classes. 

The first approach is to use STFT transform to generate the inputs as a 
spectrogram. STFT of a discrete-time signal is achieved by Fourier 
transform of windowed signal and calculated as 

X(m, k) =
∑∞

n=− ∞
x(n)w(n − m)e− j2πkn (1)  

where n and k are time and frequency indices, x(n) is the input signal, w 
is the window function, and m is the window interval centered around 
zero. Visualization of log-spectra of STFT as heat-map yields spectro
gram. In this case, the inputs to CNN models are spectrogram saved as an 
image. 

Secondly, the wavelet transform (WT) is considered to create the 
inputs as a scalogram. Wavelet transform of a discrete-time signal is 
given as 

c(j, k) =
∑∞

n=− ∞
x(n)Ψ j,k(n)∗ (2)  

Ψ j,k(n) = 2j/2Ψ
(
2jn − k

)
(3)  

where j and k are scale and translation indices, x(n) is the input signal, Ψ 
is wavelet function. Visualization of the log-spectra of wavelet trans
forms as heat-map yields a scalogram. In this case, the inputs to CNN 
models are scalogram saved as an image. This study uses a scalogram 
generated by WT with an analytic Morlet wavelet because it has better 
for transient localization. 

The final approach is to employ Hilbert-Huang transform to create 
the inputs to CNN models as Hilbert-Huang spectrum (HHS). Hilbert- 
Huang transform, which is suitable for non-stationary and non-linear 
signals like EEG, has two main parts: empirical mode decomposition 
(EMD) and Hilbert transform (HT). 

The fundamental part of HHT is EMD, which decomposes a signal 
into an intrinsic mode function (IMF). IMF is defined as a function that 
satisfies: (i) difference between the number of extrema and the number 
of zero-crossing must be equal to or smaller than one in the entire 
dataset. (ii) mean value of envelopes defined by local maxima and 
minima must be zero at any point. EMD decomposes signal in terms of 
IMF as follow [26]:  

1. Take the signal x(t) and find extrema points  
2. Define lower and upper envelopes by connecting local minima points 

with cubic spline and local maxima points, respectively.  
3. Calculate the mean value of the lower and upper envelopes.  
4. Calculate h1(t) = x(t) − m1(t).  
5. If h1 does not satisfy IMF condition, use h1 as new signals and repeat 

1–4.  
6. If h1 satisfies IMF condition, rename it as c1 and calculate rn(t) =

x(t) − cn(t).  

7. Use rn as new signal and repeat 1–6 until rn becomes a monotonic 
function. 

After all, IMFs are extracted the signal can be represented as 

x(t) =
∑n

j=1
cj + rn (4)  

where cj is IMFs and rn is residue. The second part of HHT is the Hilbert 
transform, which is used to find instantaneous frequency and amplitude. 
Signal, x(t) can be transformed into an analytic signal by adding a 
complex part, y(t), given as 

y(t) =
1
π P

∫∞

− ∞

x(τ)
t − τ dτ (5)  

Where P is the principal value of the singular integral. Then the analytic 
signal, its instantaneous amplitude, a(t) and phase, θ(t) are given as 

z(t) = x(t) + jy(t) = a(t)ejθ(t) (6)  

a(t) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
x2(t) + y2(t)

√
(7)  

θ(t) = tan− 1
(

y(t)
x(t)

)

(8) 

Instantaneous frequency can be obtained by differentiating θ(t) as 

ω(t) = −
dθ(t)

dt
(9) 

Finally, the Hilbert-Huang spectrum of x(t) can be found by applying 
HT to each IMF of x(t) and it can be visualized as a heat-map. In this 
case, the inputs to CNN models are HHS saved as an image. 

3.3. Convolutional neural networks 

The convolutional neural network is a deep neural network class 
principally applied to images for classification, object detection, seg
mentation, and image processing [27,28]. A CNN can consist of several 
types of layers: convolution, rectified linear unit (ReLu), pooling, 
dropout, fully connected (FC).  

• Convolution Layer: This layer is the building block of CNN. In this 
layer, image or feature maps from the previous layer are convolved 
with sliding kernels to extract new features.  

• ReLu Layer: This layer removes negative values from feature maps by 
applying activation function f(x) = max(0, x) to introduce nonline
arity in feature maps.  

• Pooling Layers: This layer reduces the dimensionality of feature 
maps by sliding windows, calculating the mean, max, or sum of 
values inside the window to make the network invariant to small 
transformations.  

• Dropout Layer: This layer sets input elements to zero with a given 
probability to reduce overfitting. 

• Fully Connected Layer: This layer is a traditional multi-layer per
ceptron that uses a softmax activation function in the output layer. It 
classifies input images using features extracted by previous layers. 

In this study, two groups of CNN models were used for classification 
EEG segments represented by images generated by time-frequency 
transformations. First group involves pre-trained AlexNet [28], Goo
gLeNet [29], ResNet-18 [30] and ResNet-50 [30]. Models in this group 
are winners of the ImageNet Large Scale Visual Recognition Challenge 
[31] in different years and trained on more than one million images from 
the ImageNet database. Because these models were originally designed 
to classify 1000 object categories, the final 1000-unit layer was replaced 
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with a 3-unit layer and retrained on training datasets given in Table 1. 
The models in this group are summarized in Table 2. 

The second group has a model consisting of two GoogLeNet (model 
named GoogLeNet2). GoogLeNet2 was formed by combining two Goo
gleNet using their last global average pooling layer, as shown in Fig. 3. 
Although total depth did not increase, it enlarged as much as the original 
model. Because it has two inputs, it can exploit two TFRs at the same 
time. The model was trained on training datasets given in Table 1 using 
spectrogram and scalogram images as inputs simultaneously. GoogLe
Net was selected because it has slightly better performance than the 
other. 

For a fair comparison, all models were trained on the same data using 
Adam optimizer with a learning rate of 0.001. The training was halted if 
validation accuracy had stopped improving over five epochs. 10 % of the 
training data is used for validation during training. While models were 
being trained, image augmentation that is random transformations such 
as translation, reflection, and scaling was applied to the training images 
to reduce overfitting. Such transformations are depicted in Fig. 5. 

3.4. Class activation mapping 

A class activation map (CAM) for a specific category indicates the 
discriminative image regions used by CNN to identify that category 
[18]. As illustrated in Fig. 6, the output of global average pooling is 
computed by averaging feature maps of each unit of the last convolution 
layer. The final input is created by the weighted sum of these values. 
Correspondingly, CAM is obtained by a weighted sum of feature maps at 
the previous convolution layer. Formally, for a given image I, CAM of 
class c is obtained as 

Mc(x, y) =
∑

k
wc

kfk(x, y) (10)  

where fk(x, y) is a kth channel of the feature map, (x, y) represents spatial 
location, wk is the kth weight corresponding to class c. 

In this study, CAM has been employed to highlight discriminative 
regions of TFRs and shed light on the prediction of CNN models used to 
classify EEG segments. 

4. Results and discussion 

4.1. Results and discussion for classification 

The classification task described in this paper performed using two 
strategies mentioned in Section 4. The first is to separately feed the 
spectrogram, scalogram, and HHS generated from segments with four 
distinct lengths into AlexNet, GoogLeNet, ResNet-18, and ResNet-50, 
generating 48 classification results. The second is to input the same 

Table 2 
Summary of the CNN models in the first group.  

Model Depth Size Parameters Input Size 

AlexNet 8 227 MB 61 M 227-by-227 
GoogLeNet 22 27 MB 7 M 224-by-224 
ResNet-18 18 44 MB 11.7 M 224-by-224 
ResNet-50 50 96 MB 25.6 M 224-by-224  

Fig. 5. Augmentation of training images.  
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segment’s spectrogram and scalogram into GoogLeNet2 simultaneously, 
creating four classification results. A total of 52 classification results is 
tabulated in Tables 3 and 4. Table 3 shows accuracies for the classifi
cation of normal, interictal, and ictal EEG segments depending on TFR, 
segment length, and CNN model using strategy 1. In strategy 1, The 
obtained accuracy ranges between a minimum of 93.8 % and a 
maximum of 98.9 %. Table 4 demonstrates the classification accuracies 
of GoogLeNet2 whose inputs are spectrogram and scalogram concerning 
segment length. In this case, the performance was considerably higher, 
obtaining accuracies between 99.5 % and 100 %. 

By analyzing CNN models employed in strategy 1, the best perfor
mance was obtained by GoogLeNet, and the worst performance was 
obtained by ResNet-18. However, there is no significant difference be
tween the mean accuracies of CNN models. Nevertheless, AlexNet and 
GoogLeNet were very similar and slightly higher than ResNet-18 and 
ResNet-50, whose performance was identical. Furthermore, strategy 2 
proved itself to be effective by acquiring accuracy of 99.5 % for N = 512 
and %100 for the rest because of the combination of best performer 
architecture and FTRs, which are GoogleNet, spectrogram, and scalo
gram, respectively. 

Fig. 7 shows the performance of CNN models depending on segment 
length and TFR. Segment length of 1024 was the best in four scenarios 

for strategy 1, obtaining similar results to the case of segment length of 
2048 (even if HHS was excluded, both would have the same mean ac
curacy) and segment length of 4097 was the worst because using too 
long segments causes a smaller number of training data and using too 
short segments causes an insufficient time-frequency representation of 
EEG signals. Even though using shorter segments or a greater number of 
segments was better than using longer segments or a smaller number of 
segments because CNN models are required a large amount of training 
data to avoid overfitting even input data augmentation described in 
Section 4.3 was used to increase an effective number of training data. 
Furthermore, segment length had almost no effect on the performance of 
GoogLeNet2, obtaining slightly lower in the case of segment length of 
512. Therefore, segment lengths of 1024 and 2048 are the optimum 
length for all TFRs; using shorter EEG segments causes TFRs that carry 
inadequate information for EEG signals classification. 

Scalogram with a combination of GoogLeNet and a segment length of 
1024 was the best TFR in three scenarios for strategy 1. Although the 
mean accuracy of the scalogram was the highest, in some cases, its ac
curacy was lower than spectrograms, and the mean accuracies of both 
were almost the same. Therefore, there was no significant difference 
between them. Mean accuracy and performance in all cases of HHS were 
the worst among the three TFRs. Moreover, it was the most affected by 
segment length. Even though HHT was reported to be suitable for non- 
linear and non-stationary data [32], it may not be applicable for this 
kind of task. Poor performance of HHT might be explained by mode 
mixing and end effect problems [33] of the method. Since GoogLeNet2 
could benefit from both spectrogram and scalogram, it had superior 
results that are almost independent of segment length. 

Many researches have investigated real-time implementation of 

Fig. 6. Class activation mapping.  

Table 3 
Classification accuracies in percentage for strategy 1.  

Model N = 4097  N = 2048  N = 1024  N = 512   

SPE SCA HHS SPE SCA HHS SPE SCA HHS SPE SCA HHS 

AlexNet 96.8 97.6 94.4 98.6 98.2 98.0 98.2 98.6 96.4 97.3 98.1 95.8 
ResNet-18 97.6 94.0 93.8 98.0 98.8 97.4 98.0 98.1 95.5 96.9 96.6 94.5 
GoogLeNet 97.2 96.0 94.0 98.2 98.6 97.4 98.4 98.9 95.7 98.1 97.7 95.9 
ResNet-50 96.0 94.4 94.4 98.6 96.6 96.4 97.5 97.5 95.9 97.1 96.3 95.8 

*SPE = spectrogram, SCA = scalogram, HHS = Hilbert-Huang spectrum. 

Table 4 
Classification accuracies in percentage for strategy 2.  

Model N = 4097  N = 2048  N = 1024  N = 512  

GoogLeNet2 100 100 100 99.5  
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Fig. 7. Performance of CNN models with respect to segment length and TFR.  

Fig. 8. CAM for spectrograms classified by GoogLeNet.  
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epileptic seiuzure detection systems [34–38]. There are two approaches 
for such systems: software-based and hardware-based systems. 
Software-based systems often use computationally intensive algorithms 
while hardware-based systems that are wearable devices focus on low 
power consumption. Segmentation of continuous EEG signal, whose 
length defines minimum detection latency is a must regardless of the 
approach be used. Lower latency, namely shorter segment length in 
general causes lower accuracy. Therefore, choosing optimal segment 
length is important for both approaches. The discussion above has 
already investigated the effect of segment length on accuracy. Using 
GoogLeNet2 and a segment length of 512 samples (≅ 2.95 s), epileptic 
seizures can be detected in real-time with low latency and high accu
racy. This algorithm can be implemented as a software-based system 
with Matlab Graphical User Interface (GUI) or similar to [34,35,38] as a 
hardware-based system using a field-programmable gate array (FPGA). 

4.2. Results and discussion for CAM 

Class activation mapping is a technique that visualizes essential re
gions and the important degree of these regions of images classified by 
CNN. Figs. 8–10 depict important regions of randomly selected TFRs of 
normal, interictal, and ictal EEG segments whose lengths are 4097 were 
classified by GoogLeNet. True classes of each TFRs are shown on the left 
top corner of the images and predicted classes are on the left bottom. The 
first three images are correctly classified as normal EEG segments, the 
second three are correctly classified as interictal EEG segments, the third 
three are correctly classified as ictal EEG segments, and finally, the last 
three are incorrectly classified EEG segments. The horizontal axis is time 
in second (from 0 to 23 s), and the vertical axis is the frequency in Hertz 
(from 0 to 86 Hz) for all images. The red color indicates the most 

discriminative regions and blue indicates the least. 
Fig. 8 shows CAM for spectrograms, and CAM indicates that regions 

with lower frequencies are the most important regions for normal and 
ictal EEG segments. These regions are larger for normal segments, 
revealing that more features are required for the identification of this 
class. Regions with higher frequencies are the most discriminative ones 
for interictal EEG segments. The last three images whose true classes are 
ictal were incorrectly classified as interictal, normal, and interictal, 
respectively, because either GoogLeNet could not properly focus on a 
specific region or focused on the wrong regions. 

A similar analysis can be done for scalograms and HHS. However, 
since scalograms’ frequency axis is on a logarithmic scale, it is more 
challenging to distinguish classes visually. Finally, HHS is the easiest to 
analyze, and they are very similar to the spectrograms. 

4.3. Comparison with previous studies 

Table 5 compares our results with previous studies that used CNN for 
the problem of classifying normal, interictal, and ictal signals in the 
University of Bonn EEG dataset. Because using CNN for the classification 
of EEG signals is a relatively new area of study, there are only a few 
studies. The first study using the same database was conducted by 
Acharya et al. [12]. They fed normalized raw EEG signals into a CNN 
model consisting of 13 layers. No signal transformation was employed in 
this study, the algorithm obtained a relatively low accuracy of 88.7 % for 
the same classification task. Ullah et al. [17] used an ensemble of py
ramidal 1D-CNN with raw signals as input to the CNN. They employed a 
novel data augmentation scheme to increase the effective number of 
training data by using a sliding window to the segment EEG signal. They 
reported an accuracy of 99.1 %. San-Segundo et al. [5] proposed a CNN 

Fig. 9. CAM for scalograms classified by GoogLeNet.  
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comprised of 12 layers and several signal transform (raw signal, wavelet 
transform, EMD, and Fourier transform) to generate input to the CNN. 
They used 2D signals instead of images as inputs. They achieved an 
accuracy of 96.5 % when all transformations were combined as one 
input. However, they did not investigate different segment lengths nor 
different CNN structures and unlike GoogleNet2, their model had one 
branch. 

Using a novel GoogleNet2 model with spectrogram and scalogram, 
we achieved an accuracy of 100 %, outperforming San-Segundo et al. [5] 
by 3.5 % and the current state-of-art study Ullah et al. [17] by 0.9 %. 

5. Conclusion 

EEG signal is a powerful tool for identifying epilepsy. In this study, 
EEG signals were classified into three groups: normal, interictal, and 
ictal. This study’s main contributions are analysis and evaluation of 
several CNN models for EEG signals classification, evaluation of various 
TFRs to generate inputs to CNN models, evaluation of several distinct 
segment lengths, and application of CAM for identifying a selective re
gion of TFRs and assessing model prediction. Four pre-trained CNN ar
chitectures, which are AlexNet, ResNet-18, GoogLeNet, and ResNet-50, 
and a novel CNN architecture which is consisting of horizontally 
concatenating of two GoogLeNet models were used. Regarding the TFRs, 
a short-time Fourier transform was evaluated to generate spectrograms; 
wavelet transforms to generate scalograms and HHT to HHS. This 
analysis was carried out using segmented signals from the University of 
Bonn EEG dataset, obtaining significant improvements compared to 
previous studies. The best accuracy achieved is 100 % using GoogLe
Net2, whose inputs are spectrogram and scalogram. GoogLeNet out
performed other models in group 1 in terms of maximum accuracy, and 
scalograms outperformed others. Results showed that the segment 
length of 1024 and 2048 are the optimum length for all TFRs. Finally, 
CAM shed light on the correct and incorrect prediction of CNN models 
by visualization of the discriminative region of the input images for each 
class. 
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