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Abstract- Recognizing employees' feelings is also important in 
various organizations to increase work efficiency. It is also 
essential for government officials to make rational policies and 
strategic decisions. Several studies have been carried out to 
construct an automated emotional recognition system. These 
systems are usually constructed using brain signals. These 
studies found that brain signals can be used to classify 
numerous emotional states. This process appears difficult, 
especially as the brain signals are not stable because the 
reactions to the different emotional states that affect the brain 
signals are varied. Consequently, the performance of emotion 
recognition systems through brain signals depends on the 
effectiveness of the algorithms used. Recent attention has been 
given to the study of electroencephalographic signalling (EEG) 
because of its availability. Various methods can be used to 
classify emotions after a series of preprocessing, including the 
K-nearest neighbour (KNN) algorithm, decision tree, Bayes 
classifier, and convolutional neural network (CNN). Of course, 
we can use other deep learning architectures such as 
Generative adversarial network (GAN) for this classification. 
Still, in this study, we will use the CNN network architecture to 
classify emotions. In this paper, we use 3D_CNN networks for 
emotional classification, which has a good accuracy of 
0.980729 in train data. This shows that the usage of this 
architecture has a small error and performs the task assigned to 
it with great precision and a small error. We can use different 
methods to implement super resolution, which today, deep 
learning methods have been considered due to their unique 
features and we can see that one of the deep learning methods 
to implement super resolution is to use a convolutional method 
that provide us good accuracy. We also find that the smallest 
changes in network architecture and parameters have a large 
impact on network accuracy, therefore, we must be very 
careful in selecting these parameters and also the network 
architecture according to the network task so that our network 
has the best efficiency. In this report, we also try to improve 
this network compared to what has been done so far by 
changing the architecture and parameters. 

Keywords-Deep Learning, Convolution, Super Resolution, 
CNN Networks, Optimizer 

I. INTRODUCTION  

Before examining the details of this study, we will first 
review the basic concepts of super resolution and explain the 
generalities and implementation methods. Super resolution is 
responsible for the task of taking low resolution (LR) input and 
upgrading its level to high resolution. In Figure 1 an example 
of the task for super resolution is shown [1]. 

 

 

Figure 1.  An example of the task for super resolution [1] 

 

Among the applications of super resolution, we can 
mention [3]: 

1- Crime detection 

2- Producing high resolution films from old films with low 
quality and resolution 

3- Data recovery in-text images 

and ... 

Figure 2 shows an example of the effect of this method in 
producing high resolution images. 

High-resolution image reconstruction is of great practical 
value in many areas. This, in turn, necessitates the analysis of 
the extraordinary reconstruction method for single-character 
images. 

In this regard, the extraordinary reconstruction method for 
single-frame images, considering the learning of multilevel 
neural networks, was proposed by Liu et al. 
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Figure 2.  An example of the application of super resolution [4] 

 

This method extends a PMJ model for super-resolution 
reconstruction while extracting the main feature on the image 
during the measurement phase. However, the problem with this 
method is that it cannot eliminate noise in a single frame image 
and therefore its anti-interference performance is poor [5].  

In a study by Peng et al., A method for high-resolution 
single-frame reconstruction based on non-negative local 
embedding and non-local regularization is proposed. The 
method is that in the reconstruction phase, a non-negative local 
embedding is used to select the number of neighbors. Finally, 
the non-local similarity of the image is used to construct 
ordinary non-local terms to change the result of the 
reconstruction. Of course, the process of this method is 
complex and easily leads to error generation and reduced 
image resolution [6].  

However, in this method, the errors caused by obtaining 
images with super-resolution by cameras under the connection 
of visible light are ignored [7].  

The support vector regression (SVR) method for creating 
single-frame image resolution using super-resolution 
reconstruction is proposed by Yuan et al. The basis of the work 
is the use of raster scanning to scan educational images with 
high and low resolution and leads to the extraction of input 
vectors and tag pixels from blocks, respectively. 

The SVR technique is used to ignore the pixels of the 
super-resolution image block to complete the super-resolution 
image reconstruction. However, the disadvantage of this 
method is that it cannot remove Gaussian noise in a single-
frame character image [8]. 

Dong et al. Developed a CNN, a complete map between 
low-resolution and high-resolution images, and proposed a 
model called SRCNN to reconstruct a single-image SR [9].  

A three-layer convolution network is used in the SRCNN, 
and a pre-convolution sampling layer is set by HR to amplify 
the LR image. The SRCNN architecture is shown in Figure 3.  

 

Figure 3.  SRCNN architecture [10] 

 

Dong et al. were the first researchers to use the DL method 
in the SR image. Thus, the use of DL-based SR technology 
made computer vision very attractive, and based on this, 
similar massive SR models such as FSRCNN, VDSR, and Lap 
SRN were designed [11-13].  

Even the growth of DL technology was used as a technique 
for DL-based SR reconstruction in fluid mechanics, in which 
Fukami et al. first used DL-based SR technology in fluid 
mechanics [14]. 

A hybrid multi-scale perfusion model (DSC/MS) has been 
proposed for the reconstruction of a two-dimensional isotropic 
turbulence flow field in operation. Deng et al. proposed two 
hostile network-based models of SRGAN and ESRGAN to 
increase the spatial resolution of the complex awakening flow 
behind the cylinders [15].  

A new model of MTPC has also been proposed by Yu et al. 
and used for forced isotropic turbulence [16]. 

In general, a lot of research has been done in this field, 
some of which we mentioned in this part of the study. 

 

II. ANALYSIS OF AN EXAMPLE OF AN IMPLEMENTED 

METHOD 

In the following, we will examine each of the 
implementation methods mentioned in Figure 4. 

 

 

Figure 4.  Implementation methods 

 

Of course, we avoid resorting to classical methods because 
they are obsolete today and have been replaced by deep 
learning methods. 

Implementation 
methods 

Auto encoder GAN networks 
Classic 

methodes 

CNN network 
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A. CNN networks 

Figure 5 shows the architecture of using this network that 
we use the convolution layer and introduce the low resolution 
image as input to the network and receive the high resolution 
image as output. 

B. Autoencoder 

The autoencoder architecture for the super resolution task 
can be seen in Figure 6, which consists of two layers of 
decoder and encoder, the convolution operation is performed in 
one which and the decoder operation in the other layer. 

 

 

Figure 5.  CNN network architecture for super resolution [17] 

 

 

Figure 6.  An example of an autoencoder architecture for the super resolution task [18] 

 

C. GAN networks 

In the figure below, we see the architecture of the GAN 
network for super resolution. As can be seen in Figure 7, this 
network consists of two production networks and two 
differentiation networks that, among two production networks, 
one is responsible for producing low-resolution images from 

high-resolution images, and the other performs the opposite, 
and the two differentiation networks are responsible for the 
detection of fake images. 

There are various datasets in the field of super resolution, 
some of which are shown in Table 1 with some relevant 
features. 

 

 

Figure 7.  An example of a GAN network architecture for super resolution [19] 
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TABLE I.  AN EXAMPLE OF THE DATASETS USED FOR SUPER RESOLUTION [20] 

Details of images Resolution Type Image format Number of images/pairs Name 

100 images of animals, people, buildings, scenic views etc. (480, 320) Unpaired PNG 100 BSD100[21] 

300 images of animals, people, buildings, scenic views, plants, etc. (430, 370) Unpaired JPG 300 BSDS300[21] 

Extended version of BSD 300 with additional 200 images (430, 370) Unpaired JPG 500 BSDS500[22] 

Over 40 attribute defined categories of celebrities (2048, 1024) Unpaired PNG 202599 CelebA[23] 

Objects, People, Animals, scenery, nature (2048, 1024) Paired PNG 1000 DIV2K[24] 

109 manga volumes drawn by professional manga artists in Japan (800, 1150) Unpaired PNG 109 Manga109[25] 

Urban buildings, architecture (1000, 800) Unpaired PNG 100 Urban100[26] 

 

 
Usually, some datasets in this field use coupled images of a 

low resolution image in which they are present and, according 
to the training we provide to the network, they create high 
resolution images from low resolution images [27]. 

D. CNN model 

The basis of the CNN model presented in this paper is the 
use of an efficient subpixel link neural network. In this way, 
first, a series of convolutional layers are used to produce low-
resolution feature vectors and then in the final layer it is 
transformed into a high-resolution image. The equations 

governing the input behaviour and hidden layers are given 
below [28] 

  (         )   (    
     ) 

  (             )   (    
         ) 

  ( )       ⌊  ⁄ ⌋ ⌊
 
 ⁄ ⌋
        (   )         (   )    

where L represents the number of network layers,     is the 
input image of   , and   ,    and   are the learnable weights 
of the network. Figure 8 shows a diagram of this architecture. 

 

 

Figure 8.  Architecture of CNN network 

 
An example of the architecture used is depicted in Figure 9. 

In a sample code used to process high and low resolution 
images, we process the image data. The basis of the work is 
that first the considered images are given from the RGB color 
space to the YUV color space. The image is then cropped for 
the input data (low resolution images). After recovering the y 
channel, its size is changed by the area method. Of course, 
since humans are more sensitive to changes in radiance, only 
the radiance channel in the YUV color space is considered. For 
the target data (high resolution images), only the image is cut 
and the y channel is retrieved [30].  

In Figure 10 we can see how the network works on a series 
of data sets. 

To evaluate the image quality, the PSNR criterion has been 
used, which works by comparing the signal-to-noise ratio, the 
signal power level with the noise power level, and is usually 
expressed in decibels. The higher signal-to-noise ratio 
represents the better characteristic for a system; because more 
useful information is received in the form of a signal, than 
unwanted information or noise [32]. 
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Figure 9.  An example of the architecture used [29] 

 

 

Figure 10.  How to implement a network on an image [31] 

 

For example, when a sound signal has a signal-to-noise 
ratio of 100 decibels, it means that the sound signal level is 100 
times higher than the noise signal level in that system. This is 
why the signal-to-noise ratio of 100 is a better characteristic 
than the SNR of 70, and the computational formulas for this 
criterion are as follows [33]. 

             (
    

 

   
)          (

    

√   
)  

               (    )          (   )  

SSIM is also a structural comparison criterion for two 
images based on the structure of natural images. The structure 
of natural images is such that pixels are highly dependent on 
adjacent pixels, and this dependence contains important 
information about the structure of objects in the image. By 
calculating SSIM, the structural similarity in the 

neighbourhood of each pixel is calculated separately and its 
relationships are as follows: [34] 
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where    and    are the mean and standard deviation of the 
original image, respectively, and   ̂  and   ̂  are the mean and 
standard deviation of the compressed image.    ̂  shows the 

correlation between the two images    ̂, and parameters       
are the weight of each function. 

Finally, the architecture of Figure 11 has been used.  

As can be seen, five CONV layers and RELU activity 
functions have been used. The paading same is also used, a 
summary of this architecture can be observed in Figure 12. 
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Figure 11.  A summary of the architecture 

 

 

Figure 12.  An example of the results for an ADAM optimizer 

 

As can be seen in Figure 10, the set of parameters produced 
by this network is 59657, which can be inferred that this 
network is a small network and the probability of over-fit is 
low due to the production parameters of this network. This 
model is trained using an ADAM optimizer in 100 epochs with 
a learning rate of 0.001, which reaches the error rate of 0.0025, 
which is an example of the results shown in Figure 13. 

 
III. UPGRADING THE REVIEWS 

In the next step, we try to achieve more accurate accuracy 
with changes in network architecture and model parameters. In 
the continuation of this article, we will examine these changes, 
which are as follows: 

1- Changing epoch for network training 

2- Changing the optimizers and examining their effect in 
reducing network error 

3- Changing the number of convolutional layers used in 
network architecture 

4- Changing activity functions in network architecture in order 
to investigate their impact on network accuracy 

The review of these materials is done in the following and 
we will specifically examine each of them and their effect on 
reducing network error. 

A. Epoch 

In this section, we try to change the number of epochs to 
see the variations of the network accuracy, which can be seen 
in Table 2 and Figures 13 and 14. 

As we can see, with increasing the number of epochs, we 
obtain less error, and according to Table 2 and Figure 13, with 
150 epochs of network training, the error we obtained has 
improved compared to the main code. Of course, this does not 
mean that the network error always decreases with increasing 
the number of epochs, sometimes our network may become 
overfit due to the increase in the number of epochs. 
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TABLE II.  IMPACT OF EPOCHS ON ERROR AND PSNR OF NETWORK 

Epochs loss psnr 

50 0.0026 26.91 

75 0.0025 27.02 

100 0.0025 27.14 

150 0.0022 27.35 

200 0.0024 27.19 

 

 
Figure 13.  Impact of epochs on error of network 

 

 
Figure 14.  Impact of epochs in psnr of network 

 

B. Optimizer 

In this section, we will examine the effect of different 
optimizers on network accuracy. For this purpose, we used a 
series of optimizers in the colab environment, the details of 
which can be seen in Table 3 and Figures 15 and 16 (in each 
case, the network is trained in 100 epochs). 

 

TABLE III.  IMPACT OF ALL TYPES OF OPTIMIZERS ON NETWORK ERROR 

optimizer loss psnr 

Adam 0.0025 27.14 

SGD 0.0616 12.33 

RMS prop 0.0023 28.16 

Ftrl 0.0569 12.33 

Ada delta 0.0876 10.75 

 

Figure 15.  Impact of all types of optimizers on network error 

 

 

Figure 16.  Impact of all types of optimizers on psnr 

 

Based on the observations of this section, only Adam and 
RMS prop optimizers have acceptable performance and 
improve network performance. It was also found that using the 
RMS prop optimizer resulted in less error than the Adam 
optimizer, which improved network performance. 

In general, it can be said that the effect of optimizers in 
reducing errors cannot be hidden and choosing an appropriate 
optimizer according to the network task is very important and 
necessary because it has a significant impact on network 
performance. 

C. Change of the number of CONV 

In this section, we intend to make a series of changes in 

the network architecture and first change the number of 

convolutions, the results of which can be seen in Table 4 and 

Figures 17 and 18 (During the training, we trained the network 

in 100 epochs and also used the Adam optimizer). 

According to the observations made in Table 4 and Figures 
17 and 18, it is concluded that changing the convolution size 
does not have much effect on the network error. 

In the previous study, the main code used 64 convolutions 
in each layer, but we were able to improve the error rate to 
some extent by using 128 convolutions in each layer, which 
can be seen in Table 4 and Figures 17 and 18. As we all know, 
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reducing errors by as much as one-millionth of a percentage 
point affects the performance of our network and we should not 
neglect it. 

 

TABLE IV.  IMPACT OF NUMBER OF CONVULSIONS ON NETWORK ERROR 

Number of convulsions loss psnr 

32 0.0025 27.14 

64 0.0025 27.09 

128 0.0024 27.17 

256 0.0025 27.13 

 

 

Figure 17.  Impact of number of convulsions on network error 

 

 

Figure 18.  Impact of number of convulsions on psnr 

 

D. Change of the activity function 

In this section, we use different activity functions to 
understand their effect on improving network performance (we 
trained the network in 100 epochs) 

According to the observations in Table 5 and Figures 19 
and 20, the activity function also has an important effect on 
network accuracy. In the previous examination, the relu 
activity function was used in the original code, but we were 
able to reduce the network error rate from 0.0025 to 0.0024 

using the elu activity function, which improves network 
performance. 

 

TABLE V.  IMPACT OF ACTIVITY FUNCTION ON NETWORK ERROR 

Activation function loss psnr 

relu 0.0025 27.14 

elu 0.0024 27.19 

selu 0.0028 25.86 

sigmoid 0.0025 27.09 

tanh 0.0027 24.56 

 

 

Figure 19.  Impact of activity function on network error 

 

 

Figure 20.  Impact of activity function on psnr 

 

IV. CONCLUSION 

In this paper, we examined the issue of super resolution, 
which is of great importance today and is used in various 
fields. The results showed that; 

1. We can use different methods to implement super 
resolution, which today, deep learning methods have been 
considered due to their unique features and we saw that one of 
the deep learning methods to implement super resolution is to 
use a convolutional method that provide us good accuracy. 
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2. We also found that the smallest changes in network 
architecture and parameters have a large impact on network 
accuracy, therefore, we must be very careful in selecting these 
parameters and also the network architecture according to the 
network task so that our network has the best efficiency. In this 
report, we also tried to improve this network compared to what 
has been done so far by changing the architecture and 
parameters. 

3. In this study, we tried to increase network accuracy and 
reduce its error by changing the parameters and network 
architecture. In our network, the error was 0.0025, which we 
were able to reduce with the changes we made in the network, 
which is very important and effective in the network output in 
the deep learning network. 

4. In this study, we were able to reduce the network error 
rate by applying a series of changes such as using the RMS 
PROP optimizer, network training in 150 epochs, using the elu 
activity function and changing the number of convolutional 
layers of the designed network. This leads to better image 
recognition, which in turn has a wide range of applications in 
various fields. 
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