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Extended Abstract

Introduction

Deep Neural Network (DNN) models are one of the most data and use 2D convolutional layers, and this architec-
dominant unsupervised feature extraction methods that ture is usually well suited for processing 2D data such as
have been widely studied recently. Convolutional Neu- images. Convolutional neural networks work by extract-
ral Networks (CNN) combine learned features with input ing features directly from images and do not require fea-
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ture extraction by an observer. The corresponding prop-
erties are not predefined. Convolutional neural networks
learn to recognize different features of an image using
tens or hundreds of hidden layers. Each hidden layer in-
creases the complexity of the learned image features. The
initially hidden layers can learn how to detect edges, and
the later layers discover how to identify more complex
shapes, particularly the shape of the object we are trying
to detect.

Generally, CNNs in each layer recognize more detailed
features from an image that conclude, analyze, and then

decide.

Methods

The basis of this research is based on DenseNet deep
learning architecture. DenseNet architecture consists of
several dense transmission blocks placed between two
adjacent dense blocks. Each layer uses all the previous
feature maps as input. This new model provides elevate-
daccuracy with a reasonable number of network parame-
ters for object detection tasks.

With changes in settings, these algorithms achieved high
accurate results in several datasets used for this purpose.
Sets of features are collected in a flat layer and recon-
structed layer by layer as a latent space of an Autoencod-
er network with UpSampling layers.

In a joint project with the support of the American Sci-
ence Foundation, Stanford University, and several other
scientific research centers, a website for the free sharing
of brain and cognitive science data under the openfMRI
was launched in 2011 and then renamed openNeuro.

Accordingly, these data were related to confidence in per-
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ceptual decisions, which were simultaneously recorded
in EEG and fMRI.

The task used during data recording was the Random
Moving Dots (RDM) test, in which healthy volunteers
were asked to judge the direction in which dots were
moving across the screen.

This study used the independent component analysis
(ICA) methodto clean the existing EEG signals in the Py-
thon programming language using the fastICA algorithm.
The self-sufficient analysiscomponents are called the
separation of independent sources mixed by an unknown
combination system. Besides, the the separation should
be done only based on the observation of the combined
signals, i.e. , both the combination system and the prima-
ry signals are unknown.

The Gramian Angular Sum/Difference Fields method
and Markov Transfer Fields were used to reduce the size
of the input without losing the basic data and to convert

the EEG signal into images.

Results

The test data in this deep neural network are tensorial,
consisting of MTF images with a size of 64x64%3 and an
fMRI image matrix with a size of 70x70%32. The total
available data are 16962, and the number of test data is
11873, which for this network, the ratio of test data to test
data is 70-30. GPUs from Google's Collaboratory service
were used to process these number calculations.

The total number of parameters is 1593175, of which
1541275 parameters, are trained in the network. The av-
erage accuracy of the model was 85.86% during 1000 it-

erations (Figure 1).
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Figure 1. Model implementation steps

Conclusion

The above method using fastiICA, MTF, and DenseNet
deep learning algorithm and combining it with an auto-
encoder network is new for reconstructing brain images.
According to the obtained results, it can be concluded that
the deep learning algorithm performs better than other
superficial methods in many applications. As mentioned
earlier, the deep learning algorithm is a new method yet
has much potential for improvement and development.
The method used in this research is a novel method in im-
age reconstruction and there is a need to improve it. De-
veloping methods can help improve the algorithm perfor-
mance in future work to increase the accuracy model and
a more appropriate weighting of the used neural network.
Additionally, with newer deep structures that increase in
number daily, their efficiency in image reconstruction us-

ing EEG signals can be evaluated and checked.
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