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Abstract

Mental state of a person is not easy to read by humans. This mental state
may include anxiety, depression and other medical conditions. There is
no correct physical testing that is available. Therefore, diagnosing these
mental conditions in yearly stage is very important. In our proposed
model, we use EEG signal from non-intrusive wearable devices to detect
depression patterns in patients. This can be done with the help of pro-
posed Hybrid CNN (Convolutional Neural Network) algorithm. In this
algorithm we are introducing adaptive wavelet kernels in convolutional
layers to reduce the number of connected neurons in the network. This
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2 Mental state diagnosis using Hybrid CNN with EEG signal

algorithm is also designed to be shift invariant and can handle real world
online data from wearable devices. Finally, the training time requirement
of neural network can be reduced with the help of improved learning
rate functions. This kind of improvements will make the algorithm con-
sume less training time and power. The algorithm has an accuracy of
about 97% from data that is taken from wearable device with very poor
SNR ratios. The main motive of the paper will be to construct fast,
reliable, energy efficient algorithm for real world wearable applications.

Keywords: CNN (Convolutional Neural Network), EEG (Electro
Encephalogram), SNR (Signal to Noise Ratio)

1 Introduction

Detecting or analysing the thoughts of humans is age old dream of any
researchers. The closest thing we have got to measure the emotion of humans
is reading EEG signals and differentiating the various patterns. But the main
problem with those techniques are they are very intrusive and painful at times
[1]. Therefore, measuring the human emotions in a laboratory is not the ideal
way to go. This problem can be rectified with the help of wearable devices that
can be carried by the patients. There are many types of headset based wearable
devices that can be used to extract EEG signals effectively [2]. When com-
pared to all the other medical grade EEG recording devices the Signal to Noise
ratio of this commercial EEG recording devices are still low [3]. Therefore,
the important factor that we have taken into consideration for this research
are cost, reliability, error handling capacity and Signal to Noise ratio of the
devices.

There are also some artefacts that are needed to be taken into considera-
tion before progressing into the classification steps. The artefacts like ocular,
motion, sweet and electrode can greatly affect the performance of classification
algorithm. Thus many researchers have done on artefact removal and different
techniques are suitable for different types of artefacts [4]. Therefore, intro-
ducing a universal artefact removal technique is of much importance. In all
the algorithms wavelet based filtering algorithm found to have much efficiency
when playing the role of universal filter.

All the wavelet based algorithms have a problem of shift dependence. To
explain it further, if the value of input signal considered as f(x) is moved to
some different position value say (x ± t) then the value of output from the
algorithm will not be the same. This kind of positional dependence is not suit-
able for neural network algorithms as they may hugely affect the classification
accuracy. Therefore, the algorithms output should not be dependent on the
position of the signal. The main advantage of shift invariant algorithms is they
have same output even if the value of the input signal is changed in position.
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There are many techniques that formulated to tackle this shift dependence of
wavelet algorithms.

This technique generates complex coefficients of the inputs that are using
dual tree filters to make the algorithm more shift resistant [5]. This form of
using tree filters will increase the complexity and reduce the overall perfor-
mance of the algorithm. There are other ways that uses Laplace pyramids and
steerable filters in frequency domain [6]. The main drawback with those tech-
niques is that they will provide low to moderate level of filtering for lower
bandwidth regions. The polyphase filter bank method that was used to extract
signals lack efficiency for high bandwidth inputs [7].

After successful implementation of shift independent filtering the next part
of implementation will lead to feature detection and classification. Using neu-
ral network for classification is age old technique. But the main problems with
neural network algorithms are increased training time, more energy consump-
tion and its high need for data. All those things make it complicated to be
used in wearable device applications. The conventional method that is used in
signal processing application is Recurrent Neural Networks (RNN). The main
drawback with RNN algorithm are their training complexities, vanishing gra-
dient problems, staking problems and difficulty to training long sequences. If
we look back into what we discussed this are the exact things we have to imple-
ment in wearable applications. In wearable device applications it is important
to reduce the memory and computational cost of neural networks as it may
increase the energy consumption of the device. In order to reduce this energy
consumption issues.

There are also other important fully connected neural networks. The main
problem with fully connected neural networks is that it increases the number of
connections in the neural network which increases the memory value for each
weight as well increases the processing time in computation. In a fully con-
nected neural network every neuron in the network affects the output in some
way. But the reality is much different, some of the weight matrix values in the
fully connected network remain ideal during the training process. This prob-
lem can be rectified by using convolutional layers where spatial connections
are possible. This type of spatial connection is possible in image processing as
they have many connected patterns when compared to other type of inputs.
Therefore, generating a perfect kernel for time series data analysis is really
important. In CNN algorithms there are stable kernel sizes that are used to
predict the pattern in the signals. This makes it highly shift dependent and
makes it hard to predict the pattern in real time data. This disadvantage can
be rectified if the algorithm is highly adaptable and makes changes to the ker-
nel shape and size depending on the input types. Therefore, we used wavelet
function as the kernel and the size of wavelet kernel is completely dependent
upon the frequency of the input signal.

This type of separation of analysis in different layers will increase the clas-
sification accuracy in the network. This will also reduce the batch processing
requirement of neural network. With adaptive kernels the number of neurons



4 Mental state diagnosis using Hybrid CNN with EEG signal

in each layer can also be reduced. Thisreduced neurons can in fact reduces the
memory necessity and increases the computation time taken. The adaptability
can also affect the overall accuracy and sensitivity of the network. The imple-
mentation and comparison of proposed hybrid CNN algorithm is discussed in
the below sections.

2 Literature review

The emotion recognition is a very well analysed topic which is discussed by
many researchers. There are many studies that find the emotional state of a
person and some of them will stick only to the medical aspect of EEG signals.
The medical applications include Alzheimer detection, depression and seizure
diagnosis. Some other research focus on the mental state of an individual like
positive or negative mental state. Aslan M et al (2020) used GoogLeNet based
EEG signal detection algorithm to detect the emotional state of the person.
The result seemed to have 21.8% more performance than existing recognition
algorithms. The main drawback with this algorithm is the number of data that
is required for training and time consumed for training [8]. Jingzhao Hu et al
(2021) proposed Scaling Layer based CNN algorithm to classify the emotion of
patients. The study uses 32 channel EEG signal to create a spectrogram like
feature map for classification. The study has three decisions Arousal,Valence
and Dominance. The study loses an effective filtering method for ocular arte-
facts [9]. Ante Topic et al (2021) proposed feature map based topographic
emotion recognition. Deep learning is used as a feature extractor using topo-
graphic and all the collected features are connected using classification process.
The main setback in this technique is that the steps that takes for classification
is higher when compared to traditional CNN algorithms [10]. There are also
hybrid algorithms that use different neural network algorithm combinations
to predict different mental diseases using EEG signals. Soojin Lee et al (2021)
introduced a hybrid algorithm between RNN and CNN to detect Parkinson’s
disease. The proposed CRNN algorithms extract spatiotemporal features from
EEG channels to GRUs to detect the diseases. The cross validation and feature
extraction layers will increase the complexity of classification [11]. There are
many wavelet based neural networks to predict the state of mind of a person.
Zhou, X. et al (2021) proposed Wavelet Neural Network (WNN) to predict the
limb movement in a person. The basic idea behind WNN is wavelet is used to
extract the training variable and then they are fed into neural network to pre-
dict the limb movement in a person. The total classifications have six classes
of upper limb movements to predict from. The paper doesn’t have a solid time
consumption comparison tests [12]. The wavelet transform is a best alternative
to extract the features from the EEG signals. Jing Li et al (2011) proposed
multi scale wavelet filtering technique with adaptive filtering algorithm to fil-
ter EEG signals. The input EEG signals are divided into multiple scales and
they are filtered with the help of adaptive filtering scales using wavelet func-
tions. The proposed filtering technique found to have more performance when
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compared to LMS algorithm. The main takeaway from this technique will be
the adaptive capability of proposed algorithm and this can be used in our
proposed technique [13].

Using wavelet algorithms for emotion detection is not a new thing in
research people have used combination of both wavelet transform and neu-
ral networks for better performance. Like Garg, Divya et al (2020) are using
combination of Continous Wavelet Transform (CWT) along with GoogleNet
algorithm to find emotional pattern of patients. In this study they used CWT
for generating scalogram from EEG for better time localization then GoogleNet
is to find the emotional sequence of that event. This method is effective in
finding emotion detdction in two or three dimensional signals. This is not appli-
cable to real time implementation [14]. This can be rectified by having the
limited supply of energy and time constraints that may occur when we enter
into the real world applications. Therefore, considering all the above scenarios
will be much more important for our research.

3 Dataset

There are about 100 different data at four different diagnosed mind state are
taken from different individuals using Emotiv Epoc headsets. They have 14
(+2 references) sensors placed at this locations: AF3, AF4, F3, F4, FC5, FC6,
F7, F8, T7, T8, P7, P8, O1, O2 with a sampling rate of 128 SPS (2048 Hz
internal) and a resolution of 14 bits. The data are collected with minimum to
no eye blink and body movements. The topographical placement of different
electrodes is shown in below figure 1.

Fig. 1 Placement of 16 electrodes in the headset

4 Methodology

Our proposed method is divided into four different steps. The first step is
filtering and segmentation. In this step a new step invariant kernel function is
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used to reduce the error and also will segment the input signals into four sub-
bands. The reason for doing this segmentation is to find the pattern effectively.
The next part is convolutional layer in the convolutional layer the filter size
will determine the efficiency of the algorithm. This can be done by introducing
adaptive wavelet based kernel function in the networks. The main advantage
with this kernel is the frequency (f) will determine the scale (b) and base (a)
of the wavelet. The third phase of the change is in pooling layer. To reduce
the number of neurons as well as protecting the dimensionality of signal input
we developed gradient pooling technique in spite of existing pooling functions
such as max and average pooling. This will help to reduce the computational
time taken by the neural network. The final phase is gradient decent phase. In
any back propagation based algorithm an effective learning rate will determine
the total training time in the algorithm. In our proposed model this is done
by taking the cost function of each iteration and applying into the calculation
of next learning rate. Therefore, it will reduce the training time considerably.
The total architecture of proposed Hybrid CNN algorithm is shown in below
figure 2. The total phases will be explained detail in the below subsections.

Fig. 2 Proposed Hybrid CNN

4.1 Shift independent filtering

The main working of shift invariant filtering algorithm is to separate the input
signal into multiple sub-bands based on their frequency range. The four sub-
bands include alpha, beta, gamma and theta sub bands. Each of the sub-bands
will give a different detail about the mental state of the person. The shift
invariance is achieved by applying different sampling rate at different levels of
the filter. The architecture diagram of proposed filter is shown in below figure
3.
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Fig. 3 Filter layout

The filters are designed in a way that each branch of signal will pick the
value which is complementary to the other branch of filter. As per the above
figure the type of interpolation is changed between odd and even at each level
of the filter. This also increases the down sampling frequency of each level
in the filter. The Output value of the filter can be commonly represented by
below function (1) where I(k) represents input signal and ψ(k) represents the
wavelet function.

xk =
∑

k

I(k)ψ(k) (1)

The value of each independent sub-band can be represented by function

x1 = Oh11 + Eh22 +Oh34 , x2 = Oh11 + Eh22 +Og34

x3 = Eh11 +Oh22 + Eh34 , x4 = Eh11 +Oh22 + Eg34 (2)

where x(k) represents the output value from the filter and O and E represents
the odd and even function that is used in the filter the subset gives about the
down sampling frequency of each layers. These four outputs are considered as
the output of each sub bands.

4.2 Kernel function in convolutional layer

The input convolutional layer needs a kernel function to calculate the value
of output. They are nothing but the weight all the connected neurons in the
network. The normal neural network assigns value on a random basis, but in
our proposed network the values are assigned using the formula (3).

y =
∑

te
−

t−b
2

2a2

tan

(

5

(

t− b

a

))

(3)
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The variable ψ is the wavelet output, b and a are base and scale values of
the wavelet function. A pictorial representation what our proposed wavelet
function look like is shown in below figure (4).

Fig. 4 Wavelet representation

The value of scale b is completely dependent on the frequency of the input
signal. The value of scale is inversely proportional to the frequency of the input
signal higher the frequency smaller will be the scale. This can be represented
using the following equation (4).

a =
2f

Imin + Imax

(4)

Where, f is the input signal frequency, Imax and Imin are the value of maximum
and minimum peaks in the signal. The position value of the wavelet can be
calculate using the formula (5).

b = I

(

Itotal

f

)

∗ ψ (5)

In this formula Itotal represents total number of max and min points in the
signal and f as frequency and ψ as the wavelet. This unique feature makes it
completely positional and shift invariant method of convolutional filtering.

4.3 Gradient pooling

The pooling layer in the proposed network doesn’t just work by average and
max pooling methods. In our present approach the total feature map will be
separated into a segment. Then based on a reference threshold value that is
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applied to the feature map the value of gradient will be calculated. The gradient
value is estimated using the formula.

xp =











if
n
∑

i=1

xi − xi+1 < τ, then xp = xi+1

if
n
∑

i=1

xi − xi+1 > τ, then xp = τ
(6)

where, τ is the threshold value and xi and xi+1 are the value of spatial invariant
convolutional layer. xp will be the value of pooling layer. This implementation
of threshold based applications will eliminate the presence of unwanted feature
selection in neural network. This comes from the fact that existing pooling
layer techniques uses max pooling or average pooling techniques for selection
of outputs.

4.4 Gradient descent using cost function

In the time of training the most important function that is used to make the
convergence possible is gradient descent algorithm. In other words the training
time taken or training cost of a particular neural network depends heavily on
the gradient descent algorithm. This can be represented in formula (7).

θi+1 = θi − η.∇J(θ) (7)

where, θi and θi+1 are the previous and new gradient values, η is the learning
rate of the network. This learning rate function will determine how much step
it has to take to reach near the convergence. This function will determine
the speed of gradient descent. In our proposed model, the learning rate is
changed to be adaptable depending on the previous cost function value from
the training. To explain it simply the cost function value from the previous
iteration will determine the learning rate of next iteration. The cost function
of the predicted parameters is calculated using mean square error formula 8.

λ =
1

n

N
∑

1

y − y2 (8)

In the above formula the value of λ represents the cost functions and y − y

gives the error value between the predicted and actual value. This value of
cost function will be stored for each iteration to measure the learning rate in
the next iteration. This is given in formula 9.

ηt =
η0

Gt(2λ2 − λ1)
(9)

The value of cost function for previous two iterations is given by function
λ1 and λ2, the value of η0 is the learning rate of previous iterations. Gt is
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the gradient difference in the value of cost function. This type of learning
rate calculation will increase the gradient descent calculation and also reduces
the total training time of the network. The change in four phases of Hybrid
CNN algorithm are implemented in MATLAB and the experimental results
are analysed in the next part.

5 Results

The experimental results are analysed with the help of MATLAB software by
comparing it with different neural network algorithms. As per the results the
proposed HCNN algorithm shows better results compared to the other entire
neural network based classification techniques. With the use of proposed shift
invariant filter the input signal is divided into four parts Beta (12-35Hz), Alpha
(8-12Hz), Theta (4-8Hz) and Delta (0.5-4Hz) based on the frequency range as
shown in figure 5.

Fig. 5 EEG sub-bands

After the filtering of the input EEG signal the four band signal values are
then fed into the classification using proposed Hybrid CNN. There are about
a total of 10 epoch taken into considerations and our proposed Neural network
achieved maximum accuracy at 4th Epoch when the previous algorithms failed
to achieve at 10th epoch. This shows that our proposed algorithm is reducing
the total time taken for convergence with our proposed changes in the learn-
ing rate of gradient descent algorithms. The experimental results taken from
MATLAB are shown in below figure 6.
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Fig. 6 Training accuracy comparison

The ability of classifier to distinguish between different output classes is
measure with the help of ROC and AUC (Area under the Curve) values. This
are calculated by using true positive, true negative values of the classifier and
calculation of sensitivity and specificity. The higher the AUC the higher is
the performance. The proposed HCNN algorithm have an AUC of about 0.91
which is greater than ResNet and LeNet algorithms as shown in below fig 7.

Fig. 7 AUC comparison

To further understand about the comparison, a confusion matrix is anal-
ysed in below figure 8. The total dataset is divided into two parts the output
predictions from the neural network and the original output. This will give
a better understanding about what are the things our proposed network is
neglecting. The confusion matrix discussed below clearly shows that it is good
at predicting all types of mental state but only misses when the margin between
two signals is very small. This problem needs to be addressed in the future.
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Fig. 8 Confusion matrix from results of proposed HCNN

The major improvement that we claimed in our research is that our pro-
posed network will have reduced number of neurons when compared to existing
techniques. And we also predicted earlier that reduced number of connected
neurons and weight values will improve the performance of neural network.
In order to make our claim much stronger we have provided with number of
neurons that are connected in our network when compared to existing CNN
algorithms in below table 1. The comparison clearly shows that we are saving
the weight and neuron value by up to 20%. This can clearly impact the overall
performance of neural network.

Table 1 Number of neuron comparison

Layer Hybrid CNN CNN

1 Convolutional layer 1280*9 1280*12
2 Pooling layer 640*2 640*2
3 Convolutional layer 640*9 640*12
4 Pooling layer 320*2 320*2
5 Convolutional layer 160*9 160*12
6 Pooling layer 160*2 160*2
7 Convolutional layer 80*9 80*12
8 Pooling layer 80*2 80*2
9 Fully connected layer 40 40
10 Fully connected layer 20 20

To validate the final phase of learning rate functions. The error function
estimate is compared with previous 1 dimensional CNN algorithm. The below
figure 9 clearly shows that the number of steps that is taken to convergence is
much low for proposed technique when compared to other previous techniques.
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Fig. 9 Error function comparison

All this findings will give the conclusion that the proposed HCNN is more
accurate, faster, memory efficient and energy efficient when compared to pre-
vious techniques. The total accuracy of our proposed technique stands at 97%,
with a sensitivity of 98%. This is very effective when considering its input is
from wearable device.

6 Conclusion

In this paper, we successfully classified four types of mental state of humans
with the help of input from a wearable headset. The four mental state include
active, rest, depression and anxiety. For algorithm which takes input from a
wearable device the accuracy seems to be very high compared to other CNN
and GoogleNet algorithms. In our research, we also achieved memory, power
consumption, training reduction all at the same time. This proves that this
algorithm can be tried in any real world scenarios with wearable devices with
average to good SNR performance. The real power consumption comparison
between HCNN and other neural networks can be analysed only after imple-
menting this algorithm in real world. Therefore, in the future this algorithm
needs to be implemented in with online data collected from wearable headsets.
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