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ABSTRACT

Human brains are intelligent, unique and the most complex known structures in the world, which is yet being
experimented and explored in many different ways. Many scientists and researchers are constantly working
on it, to decode its complexity and unlock many mysteries hidden within it. With the advent of technology
revolution, the world is rapidly evolving into a smart-tech driven society by adopting the emerging
technologies like Artificial Intelligence (Al), the Internet of Things (10T), Blockchain Technology, Virtual
Reality (VR), Augmented Reality (AR) and many more. The research focuses on the integration of the
advanced Al technology with the human brain to decode the electrical signals of the brain, analyze them and
visually depict the thoughts generated in the brain. This study is an attempt to explore the use of Al to
understand an individual’s thought processes and brain activities in the best ways. Additionally, it would be
a helpful tool in studying the minds of criminals, particularly those committing crimes due to mental
instability, to understand and prevent such behavior by developing new psychological interventions and
fostering better individuals.

Keywords: Human Brain, Artificial Intelligence, Electrical brain signals, Brain Analysis, Thought
visualization, Psychological interventions.

INTRODUCTION

Overtime, there have been many technological advancements made in the field of medical sciences,
particularly in understanding the human brain and integrating its unique features into Al. This integration
aimed to create a superhuman Al capable of remembering and interpreting new knowledge, thinking and
acting like humans, and making rational decisions in situations where even humans might struggle.
Additionally, attempts are being made in making Al creative, to understand and respond to human emotions,
exhibit natural instincts such as the fight-or-flight response, and ask questions with intellectual curiosity.
While some of these have been already achieved with an appreciable accuracy, many are still being explored
by various scientists and researchers to make Al more advanced and productive every day.

Traditional approaches has been made to develop a systems that record the brain’s electrical activity. These
systems interpret these neural signals into specific words with the help of a large language models. This
integration of neural data with language models not only enhances our understanding of thought processes
but also opens up new possibilities for brain-computer interfaces.
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To achieve visualization of the thought process of human brains, we can harness the electrical signals from
the brain’s neurocells. These signals can be fed into an Al system which is trained to decode them into certain
parameters, providing an overall insight into the potential thought. Based on this interpretation, the Al
generates visual graphics representing the thought process in response to the brain's neural signals. This
approach aims to bridge the gap between neural activities and natural language processing (NLP) models by
incorporating computer vision, thus enabling a more precise understanding and communication of thought
processes.

LITERATURE REVIEW

This literature review investigates relevant studies in the field of integration of human brains with Al and
highlights their contributions and limitations through a comparative analysis.

James Woodford (12 December 2023): Proposed a system that records the brain's electrical activity through
the scalp and can turn thoughts into words with help from a large language model. In a study, participants
read passages of text while wearing an electroencephalogram (EEG) cap that recorded their brain activity.
These recordings were then converted into text using an Al model called DeWave. Chin-Teng Lin at the
University of Technology Sydney (UTS) notes that the technology is non-invasive, relatively inexpensive,
and easily transportable. However, the system currently has an accuracy of only about 40 percent.

Kamal Nahas (7 March 2023): Conducted a study on new artificial intelligence system that can reconstruct
images that person saw based on their brain activity. This study, scheduled to be presented at an upcoming
computer vision conference, demonstrates that Al can read brain scans and re-create largely realistic versions
of images a person has seen. The Al algorithm makes use of information gathered from different regions of
the brain involved in image perception, such as the occipital and temporal lobes through the brain scans and
re-create images a subject has recently seen, such as human faces and photos of landscapes. An Al algorithm
called Stable Diffusion, developed by a German group and publicly released in 2022, has been used to do
this.

Jerry Tang and Alex Huth (1 May 2023): The study led by computer science doctoral student Jerry Tang
and assistant professor of neuroscience and computer science Alex Huth, led to the development of an Al
model that can decode human thoughts and convert it into text using technology similar to that of ChatGPT.
Scientists used functional magnetic resonance imaging (fMRI) to record 16 hours of brain activity from three
subjects listening to narrative stories. They identified neural stimuli corresponding to individual words and
employed a custom-trained GPT Al model to decode this activity into text. However, the Al could only
capture the gist of the participants’ thoughts, not their exact ideas.

Kris Gopalakrishnan (2022): He published an article titled "Taking Artificial Intelligence Where the
Human Brain Goes," which discusses about how merging human intelligence with Al can create superhuman
capabilities. This transformation requires computing models that integrate visual and natural language
processing, similar to how the human brain functions, to achieve comprehensive communication.

Overall, the current research addresses the issues and outcomes of the prior works and aims to advance the
understanding of the human brain by integrating it with Al to visualize individual thought processes.

RESEARCH METHODOLOGY

The main aim of this research is to integrate the brain neural signals with computer vision to visualize an
individual’s thought process. The goal is divided into two parts: the first part involves decoding the thought
intentions directly from neural signals imparted by the brain with a Brain Computer Interface (BCI) and the
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second part involves converting the decoded speech into a visual representation with the help of a trained
text-to-image generator Al model.

Dataset and Preprocessing:

To achieve this objective, the first and foremost step is to conduct a study and generate a sample dataset.
This dataset will serve as an input for developing an algorithm to train the Al model. For this research, the
“Inner Speech Recognition” dataset available on Kaggle will be used. This dataset consists of the
Electrocorticographic (ECoG) recordings that were obtained in three distinct studies from 13 subjects, who
imagined speech in mind and performed an overt. The subjects were implanted with refractory epilepsy using
subdural electrode arrays as a part of the standard evaluation procedure. The first study was ‘word repetition’
performed on four subjects, who had to listen to the words and imagine it repeatedly in their minds. The
second study was ‘rhythmic word repetition” performed on four subjects, who had to listen to the words from
an audio that spells them in a rhythmic order, and continuously read aloud or in mind those words. The third
study was ‘rhythmic syllable repetition’ performed on five subjects, who had to read the syllables provided
constantly in a rhythm.

This dataset based upon extracting the electrical brain wave signals through Electrocorticography and
recognizing the inner speech from decoding these neural signals and is highly relevant to the visualization of
thought process task.

The next step is to preprocess the dataset. By Preprocessing of the dataset, we ensure that the data is clean,
consistent and is suitable for training the Al model. The Data Preprocessing includes noise reduction by
applying filters to clean the ECoG data and performing segmentation of the data based on the thought process
intervals corresponding to specific words.

Table 1: Pseudo Code for the Preprocessing Steps

# Load the required libraries

import numpy as np

import pandas as pd

from scipy import signal

import mne

from sklearn.preprocessing import StandardScaler
from sklearn.decomposition import PCA

import matplotlib.pyplot as plt

import seaborn as sns

# Load the dataset
data = load_dataset('path_to_dataset")

# Function to apply noise reduction

function noise_reduction(raw_signal):
filtered_signal = apply_filter(raw_signal)
return filtered_signal

IJCRT2410273 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | ¢382


http://www.ijcrt.org/

www.ijcrt.org © 2024 1JCRT | Volume 12, Issue 10 October 2024 | ISSN: 2320-2882

# Function to segment data based on thought intervals
def segment_data(data, labels):
segmented_data =[]
for label in labels:
segment = data[label['start]:label['end']]
segmented_data.append(segment)
return segmented_data

# Function to extract features from ECoG signals
def extract_features(segmented data):
features =[]
for segment in segmented_data:
feature = np.mean(segment, axis=0) # Example feature extraction
features.append(feature)
return features

# Preprocess the data

preprocessed_data =[]

for subject in data['subjects]:
raw_signals = subject['ecog_signals']
labels = subject['labels’]

# Step 1: Apply noise reduction
clean_signals = [noise_reduction(signal) for signal in raw_signals]

# Step 2: Segment the data
segmented_data = segment_data(clean_signals, labels)

# Step 3: Extract features from the segmented data
features = extract_features(segmented_data)

# Store the preprocessed data
preprocessed_data.append(features)

save_preprocessed_data(preprocessed_data, ‘path_to_save")
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Feature Extractions:

This step involves identification of specific patterns in the ECoG signals that corresponds to specific
thoughts, words or syllables and the data extraction. This study uses a trained Machine Learning model to
recognize patterns of ECoG signals and extract features such as signal amplitude and frequency bands.

Training the model:

The model uses two model architectures, one is the Long Short-term Memory (LSTM) and basic
Convolutional Neural Network (CNN) architecture. The LSTM is suitable and effective for capturing signals
of sequential data structure such as ECoG signals and the CNN supports feature extraction from the temporal
dependencies of these signals. The extracted preprocessed dataset is loaded into the model that analyzes the
patterns and gives a corresponding chunks or tokens of words. The result is a visual depiction of the text
which is done through a pre-trained text-image generate model.

RESULTS AND DISCUSSIONS

The visualization of brain neural signals with Al is thus achieved by loading the ECoG signals dataset,
performing data preprocessing steps on the dataset, Features extraction, pattern recognition, utilization of
best model architectures and training the Al model.
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Fig 4: Task discriminability of power spectrum deviations from baseline shown by overt and
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Fig 5: Topographic mapping of EEG data segment
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Table 2: Evaluation metrics

Precision Recall Fl1-score support
down 0.50 0.50 0.50 10
left 0.38 0.23 0.29 13
right 0.29 0.20 0.24 10
up 0.27 0.57 0.36 7
accuracy 0.35 40
Macro avg 0.36 0.38 0.35 40
Weighted avg 0.36 0.35 0.34 40

Training Loss Comparison

\ —— CNN loss
5 4 \ —— EEGnet loss

Epochs
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Figure 6: Loss metrics evaluation

The results are demonstrated in Figure 6 and Table 2. By analyzing the graphs, one can gain insight on the
way training of a model using ECoG signals is achieved and how the model be used to further visualize the
thought process of a human being. When a model exhibits both high accuracy and low loss, it signifies that
the model is making accurate predictions on the test dataset.

DISCUSSIONS

We shall review the findings of our study and discuss its outcomes, the accuracy and effectiveness of the
developed Al based thoughts visualization model.

Evaluation

The performance of the model has been analyzed based on the evaluation metrics parameters such as Test
Accuracy, Test Loss, Precision, Recall and F1-score. Through this study, the integration of human thoughts
with Al and visualizing the thoughts through computer vision has been achieved.

State Implications

A successful implementation of this model could revolutionize medical science, especially in the field
dealing with human brain study and discoveries. It could interpret the mental stability of comatose patients
by detecting brain activity and visualizing thoughts. While decoding a delivered speech or viewed images is
much simpler than processing the imagined thoughts, this model would be valuable for detectives and crime
investigators to discern if a suspect's responses stem from knowledge or creativity. Additionally, it would be
a helpful tool in studying the minds of criminals, particularly those committing crimes due to mental
instability, to understand and prevent such behavior by developing new psychological interventions and
fostering better individuals.

Limitations

Despite its promising performance, the model has certain limitations. It cannot predict the exact moment or
thought of a person. Instead, it analyzes patterns from brain electrical signals and interprets them as images.
While it demonstrates high accuracy and precision on provided test data, it cannot be not universally
applicable to all brain conditions and situations.
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CONCLUSION

This research aims to demonstrate the true potential of integrating brain neuro-signals with artificial
intelligence to visualize an individual’s thought processes. By incorporating computer vision into natural
language processing techniques, the study opens up new ways of harnessing the features of the human brain
to power Al with knowledge and conscience. This study will have a great future scope in medical science,
particularly for understanding and treating neurological brain conditions that allows effective monitoring of
brain activities and consciousness. The model is scalable and robust in nature and can be enhanced further
with technological advancements overtime. Overall, the integration of Al with brain neuro-signals to
visualize thought processes can be proved to be a breakthrough advancement with its effective contributions
to the medical science, psychology and criminal justice to understand mental states of different individuals.
By continuous refinement and exploration of this technology, we can unlock new domains of understanding
human minds and improving the quality of life.
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