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Abstract
In today’s data-driven world, the rapid growth of digital
information is placing increasing pressure on traditional storage
technologies, which struggle to meet demands for scalability,
energy efficiency, and long-term sustainability. To address these
emerging challenges, this paper introduces Neuron, a cross-
platform simulation environment developed to examine future-
oriented data encoding concepts such as DNA-based storage,
graphene-inspired atomic memory, and neural signal–driven
interfaces. Instead of physically storing data in these advanced
media, Neuron focuses on simulating their encoding mechanisms
through interactive animations, real-time analytical feedback, and
immersive 3D visual representations. The platform is built using
contemporary web and desktop frameworks, including React.js,
Tauri.js, and Supabase, allowing it to effectively connect
theoretical research with hands-on educational exploration.

Within Neuron, users can upload digital files, initiate encoding
simulations, and observe how data may be transformed into DNA
nucleotide patterns, graphene-like grid formations, or neural
signal pathways. The system incorporates features such as secure
file handling, role-based user access, and real-time dashboards,
making it suitable for both independent learners and academic or
research institutions.

This paper presents the overall system architecture, simulation
techniques, and design principles behind Neuron, while
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emphasizing its role in promoting awareness and understanding
of sustainable and futuristic data storage paradigms. By offering
simulation rather than physical implementation, Neuron provides
an accessible and interactive means to explore how digital
information could one day be represented at molecular or neural
levels.Index Terms—DNA Encoding, Graphene Memory, Neural
Data Simulation, Brain-Computer Interface, Cloud Simulation,
Tauri.js, Supabase, Real-Time Visualization, Role-Based Access
Control

INTRODUCTION
The exponential rise in digital data across scientific, industrial, and personal domains has exposed critical
limitations in traditional data storage systems, particularly concerning scalability, sustainability, and long-term
reliability. Magnetic and silicon-based mediums such as hard disk drives (HDDs), solid-state drives (SSDs), and
cloud- based solutions are rapidly approaching physical and technological constraints. As these limitations become
more evident, the exploration of next-generation storage technologies such as DNA-based memory [1]–[6],
graphene- based memory systems [7]–[12], and brain-computer interface-driven neural storage [13]–[20] has
emerged as an essential research frontier.

Despite rapid scientific advancements, the real-world application of these emerging storage formats remains
hindered by technical complexity, cost, and lack of user- friendly experimentation environments. Most existing
research in this field remains confined to laboratory simulations or abstract theoretical models. The absence of
accessible simulation tools prevents wider participation in understanding and developing futuristic storage
technologies. In response to this gap, we introduce Neuron, a cloud-connected, cross-platform desktop application
that simulates the encoding of binary data into DNA sequences, graphene atomic structures, and neural signal
patterns.

Neuron aims to transform how users interact with the concept of data storage by providing real-time 3D
visualization, conversion simulation, and analytics dashboards. Built using modern frameworks such as React.js,
Next.js, Supabase, and Tauri.js, the platform not only supports conventional file uploading but also enables users
to simulate advanced storage workflows through an immersive, animated interface. Conversion processes are
purely virtual, with no physical data writing to DNA, graphene, or neural substrates, preserving safety while
enabling education and experimentation.

Preprocessing techniques ensure a streamlined user experience, and modular architecture supports performance
across Windows, macOS, and Linux. The platform also features role-based access control, allowing differentiated
user experiences for Admins and general Users. While Neuron simulates theoretical storage paradigms, its design
is grounded in real academic literature and technical feasibility studies. The primary limitations encountered
during development include handling complex animations under limited hardware conditions, platform-specific
deployment issues, and managing real-time state transitions across conversion stages.

Nonetheless, Neuron presents a robust proof-of-concept simulation environment that supports research,
education, and early prototyping for futuristic storage systems. It paves the way for better understanding the
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convergence of biotechnology, material science, and neuro-computing in data handling. By simulating real
encoding processes for DNA, graphene, and neural formats, it bridges the gap between theoretical research and
practical visualization, making next-generation storage concepts more accessible and demonstrable.

Fig. 1. shows the evolution of data storage technologies from traditional magnetic systems to advanced molecular
and neural encoding methods. Neuron simulates DNA, graphene, and brain-signal-based formats to explore

future storage paradigms.

Figure 1 Data Storage Evolution

The remainder of this paper is structured as follows: Section II presents a literature review of related work in DNA,
graphene, and neural-based storage models. Section III discusses the methodology and simulation workflow
employed in the Neuron platform. Section IV outlines system design and implementation, while Section V
presents results and evaluations. Section VI addresses current limitations and challenges. Finally, Section VII
concludes the study and proposes directions for future enhancement.

I. Literature Review
As global data generation continues to grow at an exponential rate, fueled by the expansion of cloud computing,
artificial intelligence, IoT devices, and high- resolution multimedia, conventional digital storage systems are
approaching their physical and technical limits. Current storage infrastructures such as hard disk drives (HDDs),
solid-state drives (SSDs), and cloud-based servers are increasingly challenged by the demand for higher capacity,
faster access speeds, lower energy consumption, and improved long-term durability. As these limitations become
more pronounced, researchers and technologists are urgently exploring unconventional and disruptive
alternatives that can overcome the shortcomings of traditional storage media.

Among the most promising next-generation storage paradigms are DNA-based memory systems, graphene-
enabled atomic storage, and neural encoding mechanisms inspired by brain-computer interfaces (BCIs). These
approaches aim to leverage the unique characteristics of biological molecules, nanoscale materials, and neural
signal patterns to drastically improve data density, resilience, and sustainability. DNA offers unparalleled
information density and long-term archival potential; graphene, with its two- dimensional carbon lattice, presents
opportunities for atomic- level data encoding and energy-efficient memory; while neural-based storage explores
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how binary data might one day be represented using cognitive signal structures or spike trains.

Although these technologies remain in early stages of development and are not yet commercially viable, their
conceptual frameworks are rapidly evolving through experimental research and simulation environments.
These innovations have not only sparked interdisciplinary collaboration among fields such as synthetic biology,
materials science, and neuroscience, but have also opened new paradigms in how we understand and interact with
the future of digital memory. Simulation platforms like Neuron emerge in this context not as replacements for
physical encoding systems but as essential educational and exploratory tools that allow researchers, students, and
technologists to interact with, visualize, and prototype these cutting-edge storage concepts in a virtual setting.

A. DNA-Based Storage

DNA, the biological molecule that encodes genetic information in living organisms, has been identified as a
potential storage medium due to its unparalleled data density and stability. One gram of synthetic DNA can
theoretically hold up to 215 petabytes of data [1]. Church et al. [2] were among the first to demonstrate encoding
digital data into DNA sequences, translating binary information into nucleotide bases. Later, Goldman et al. [4]
improved this method by introducing redundancy and efficient error correction. Erlich and Zielinski’s DNA
Fountain technique pushed the field further by achieving robust and scalable data retrieval with minimal errors
[1]. Despite its promise, DNA- based storage faces practical limitations related to high costs of synthesis, error-
prone sequencing, and slow write/read speeds.

B. Graphene and Atomic-Scale Storage

Graphene, a two-dimensional material composed of a single layer of carbon atoms, is another frontier in
advanced storage. Its atomic thinness, high conductivity, and mechanical strength make it a promising candidate
for ultra- dense memory systems. Graphene has been studied as a material for resistive RAM (RRAM) and
magnetic storage coatings, showing up to 10× higher capacity than traditional materials [8], [10]. Dwivedi et al.
explored graphene’s potential in increasing storage density using nanocoating, enabling data storage at near-
atomic scales [7]. While commercial adoption is limited by fabrication challenges, the scientific community
continues to explore its use in scalable, high-speed, energy-efficient storage [9], [11], [18].

C. Neural Encoding and Brain-Computer Interfaces

The third paradigm investigated in Neuron is neural or brain signal-based encoding. Brain-computer
interfaces (BCIs) are advancing rapidly in areas such as prosthetics, communication devices, and neurofeedback.
Researchers like Chakraborty and Bhunia have theorized methods of encoding binary data using spike-train
neural patterns [13], enabling elastic, signal-driven memory systems. Simultaneously, projects like Neuralink have
demonstrated invasive and non-invasive BCIs that allow for high- bandwidth transmission between brain and
machine [15], [19]. Although real-time brain-based data storage is still speculative, the concept is supported by
increasing research into EEG/MEG signal processing, cognitive informatics, and memory modeling [16], [17].

D. Gaps in Practical Implementation

Despite the theoretical and experimental progress in these domains, existing systems remain difficult to access for
hands-on learning, testing, or prototyping. There is a lack of simulation tools that abstract the complexity of
physical encoding while preserving the conceptual integrity of these advanced storage paradigms. Neuron
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addresses this gap by offering an educational and experimental platform that simulates data transformation into
these formats, thereby democratizing access to futuristic data handling techniques.

II. Methodology

In the context of research, methodology outlines the step- by-step procedures, techniques, and tools employed to
collect data, analyze information, and draw conclusions (Figure 2). Below is a step-by-step process for
implementing the suggested method. Additionally, each stage is briefly discussed.

Figure 2 Proposed Methodology

A. System Architecture Overview

Neuron is built using a hybrid technology stack comprising Next.js for frontend logic and routing, React.js
for UI components, Tauri.js for secure desktop packaging, and Supabase for real-time backend services including
authentication, file storage, and database management. The application architecture is modular, with clearly
separated layers for:

 User Interface (UI): Built with React, Tailwind CSS, and Framer Motion for smooth animations and
transitions.

 State Management: Implemented using Zustand to manage complex real-time states during simulations.
 File Handling: Users upload files which are stored securely in Supabase's storage bucket and metadata

is synced to the database.
 Role Management: Admins and users are separated through authentication guards and role-based UI

rendering.

B. Data Simulation Workflow
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Neuron simulates the transformation of binary files into three advanced formats: DNA sequences, graphene
atomic grids, and brain signal patterns. Unlike traditional UI-only simulations, Neuron integrates actual format-
specific encoding logic that processes binary input into symbolic storage representations based on principles
found in DNA- based memory systems, resistive nanomaterials, and neural signal modeling.

1) DNA Storage Simulation

Upon file upload, the file is parsed and converted into binary data, which is then translated into synthetic

nucleotide sequences using a basic 2-bit encoding scheme mention in Figure 3.

Figure 3 DNA Encoding

This mapping mimics encoding techniques such as those used in DNA Fountain [1]. The resulting sequence is
visualized with animated helices and base-pair highlights. Though the output is not physically synthesized, the
system does generate a valid DNA-like string using real binary data, offering users an interactive approximation of
how information might be stored in synthetic DNA strands.

2) Graphene Storage Simulation

Graphene In this simulation, Neuron uses a resistance- based encoding scheme to simulate binary
information as high- and low-resistance nodes. The system first extracts a binary sample from the file, and each
bit is encoded as either "high" or "low":

 1 → high
 0 → low

This behavior emulates the switching mechanism used in graphene-based RRAM devices, where the resistance
level of a memory cell indicates a binary state. While the simulation does not operate on actual graphene, it
provides a conceptually accurate representation of how data might be encoded at the atomic scale in future
devices.

Figure 4 Schematic of a graphene-based memory cell structure

3) Neural Encoding Simulation
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For neural signal encoding, Neuron processes image, video, audio, or PDF files into intermediate data forms such
as pixel arrays, audio buffers, or byte streams. It then synthesizes EEG-like waveform signals representing these
inputs, formatted as JSON objects that include:

 File metadata (name, size, type)
 Timestamp and signal origin
 Encoded signal data (in base64)
 Simulated signal confidence score

This mimics spike train modeling and synthetic EEG signal generation found in BCI research [13], [16],
providing an engaging approximation of how brain signals could represent digital information.

C. User Interaction and Conversion Flow

Each conversion flow follows a consistent structure:

1. Upload Phase: File type is validated and uploaded to Supabase.
2. Selection Phase:User selects one of the three simulation types.
3. Animation Phase: Progress bar, staged icons, and animated background render the transformation in real-

time.
4. Completion Phase: A success message with confetti and a checkmark Lottie file indicates completion.

Optionally, the user can download a pseudo-format output (not real data).
5. Role Control: Admins can view file analytics, user stats, and shared file activity through the Admin Panel.

D. Performance Optimization

To support smooth rendering on desktop environments, optimizations include:

 Lazy loading for animations
 Controlled frame rates using requestAnimationFrame
 Memory-efficient storage management via Supabase buckets
These enhancements improve cross-platform consistency and minimize lags in animations.

III. System Design and Implementation

Neuron is designed as a modular, cross-platform desktop application with cloud capabilities. Its system
architecture separates frontend simulation, backend data management, and role-based access control into distinct
layers. This design ensures that simulation rendering, user authentication, and file management remain
decoupled and maintainable, improving scalability and security.

A. Frontend Design and Technologies

The user interface is built with Next.js and React.js, offering a fast, responsive, and scalable architecture. Styling
and layout components use Tailwind CSS, while Framer Motion and Lottie animations handle micro-
interactions and immersive visuals. The main UI components include:

 Dashboard: Centralized interface where users can upload files, monitor usage, and choose storage
formats.

 Conversion Modal: A modal component that visually guides users through conversion stages with
animated feedback.

 Admin Panel: A secure section for monitoring users, file logs, and system analytics.
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Routing is handled client-side using Next.js dynamic routes. State management uses Zustand, chosen for its
lightweight and reactive state updates, particularly suited for simulation rendering.

B. Backend and Database Logic

The backend relies on Supabase, an open-source Firebase alternative offering:

 Authentication: JWT-based user login and role assignment (admin/user).
 Storage: File uploads and storage buckets with signed URLs.
 Database: PostgreSQL database for managing file metadata, user roles, and order records.

Supabase’s real-time capabilities are used to reflect file upload status and user activity across devices. Backend
operations like fetching order history or managing shared files are abstracted via Supabase client SDKs, securely
integrated into frontend components.

C. File Conversion and Simulation Modules

Once a file is uploaded, users can initiate a simulation by selecting one of the three available storage formats.
Each format is powered by a dedicated rendering module:

 DNAModule: Uses base-encoded string mapping with animated helix rendering and pair-matching.
 Graphene Module: Displays animated 2D atomic grids where data bits toggle simulated carbon nodes.
 Neural Module: Converts binary streams into waveform patterns rendered using animation.

These modules are organized as reusable React components, allowing smooth transitions between simulations
while sharing common utility functions like binary conversion, loader progress, and success indicators.

D. Role-Based Access Control

Neuron incorporates a simple but effective access control system:

 Admin Users: Can access user lists, order statistics, file share logs, and dashboard analytics.
 General Users: Can upload files, run simulations, and share data with other users.

Access is managed using conditional rendering in React, based on the user’s Supabase role. Unauthorized users
are redirected automatically using middleware guards and authentication hooks.

E. Desktop Deployment with Tauri.js

The platform is packaged into a native desktop application using Tauri.js, which provides secure system
integration and lightweight binaries. Compared to Electron, Tauri offers a smaller footprint and better
performance, especially on low- spec machines. Tauri allows:

 File system interaction (sandboxed)
 Local storage
 Cross-platform builds (Windows, macOS, Linux) Tauri’s system tray integration and auto-updates support
are also planned in future versions of Neuron.
F. Admin Panel and Analytics
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The Admin Panel provides advanced control over platform monitoring. Built with reusable components and
connected to Supabase in real time, the admin interface allows:

 File Tracking total users and file uploads
 Viewing conversion statistics
 Managing access roles and flagged activity
 Exporting analytics reports (planned feature)

This admin capability ensures the platform remains transparent and manageable during usage by a growing user
base.

IV. Results and Evaluation
The Neuron platform was evaluated through systematic testing across multiple criteria including functional

correctness, responsiveness, cross-platform stability, and simulation accuracy. Since the system is designed as a
simulation environment rather than a physical storage processor, the evaluation emphasizes user interaction
quality, system performance, and alignment with the theoretical principles of DNA, graphene, and neural-based
storage.

A. Functional Testing:

Neuron was validated for both its visual feedback and backend encoding logic. All major modules were tested
against expected behaviors in local and production environments. Functional tests confirmed that:

 Users could upload files of various types (PDF, TXT, MP4, etc.).
 For each conversion type, the system successfully transformed uploaded files into structured symbolic

representations.

‒ DNA Simulation: Generated valid synthetic nucleotide sequences derived from the binary file content
using a 2-bit encoding map.

‒ Graphene Simulation: Produced resistance-based binary encodings simulating atomic-scale memory cell
behavior.

‒ Neural Simulation: Converted input into base64- encoded, timestamped synthetic EEG signals with
confidence ratings and waveform structure.

 The progress modal, status icons, and Lottie animations displayed the simulation stages as intended.
 Files could be shared between authenticated users, and Admins had access to user and order analytics via

the Admin Panel.
 Table I outlines the main functionalities and their observed results during testing.

Table 1

Summary of Functional Testing Result

Feature Expected Behavior Result

File Upload Accept multiple file types Success

DNA Encoding
Simulation

Animate helical DNA
visualization

Success

Graphene Encoding Display 2D atomic matrix Success
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Neural Encoding Simulate brainwave
patterns

Success

Role-Based Redirection Redirect unauthorized
access

Success

Admin Analytics Panel Show user stats and file logsSuccess

User File Sharing Enable secure file access
between users

Success

B. Cross-Platform Compatibility:

The Neuron was packaged and tested using Tauri.js on the following operating systems:

 Windows 10 / 11
 macOS Ventura
 Ubuntu 22.04 LTS

All platforms successfully supported core features with minor variation in animation rendering speed. File
system permissions were properly sandboxed using Tauri’s secure APIs, and Supabase ensured consistent
backend behavior across environments. No critical bugs were encountered during build or runtime deployment.

C. Performance Metrics:

The system was evaluated for responsiveness, animation smoothness, and load times under moderate usage
conditions. The following metrics were recorded:

Initial Load Time: ~2.1 seconds (Next.js optimized

 Conversion Animation FPS: 45–60 fps on mid-range hardware
 Memory Usage (Tauri App): ~85–120 MB at runtime
 Upload to Simulation Latency: <2 seconds in 90% of cases

These results demonstrate that Neuron runs efficiently on consumer-grade hardware, making it suitable for
demonstrations, classroom use, or personal experimentation.

V. Challenges and Limitations
While Neuron successfully simulates futuristic storage paradigms and delivers an interactive educational
experience, several challenges and limitations were encountered throughout development. These limitations
highlight areas for future optimization and extension of the platform.

A. Rendering Performance and Animation Complexity

One of the most significant challenges involved managing complex animations for real-time simulation,
particularly on lower-end hardware. Smooth rendering of DNA helices, atomic graphene grids, and neural
waveform signals required balancing visual quality with performance efficiency. Despite using optimized animation
libraries such as Lottie and Framer Motion, frame rate fluctuations were observed on devices with limited GPU
acceleration.
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B. Platform Compatibility and Build Constraints

Cross-platform support was achieved using Tauri.js, but platform-specific issues arose, particularly in file path
resolution and permission handling between Windows, macOS, and Linux systems. File sandboxing and local
storage access had to be carefully managed to maintain security without compromising functionality. Future work
may involve containerizing parts of the app to enhance portability.

C. Simulation Accuracy and Algorithmic Representation

Neuron integrates simplified encoding algorithms for DNA, graphene, and brain signal formats, transforming
binary input into symbolic representations using biologically and technically inspired models. These include 2-bit
DNA nucleotide mapping, resistance-based graphene encoding, and synthetic EEG waveform generation.

While these methods enhance educational and conceptual accuracy, they remain purely software-driven. No
physical synthesis or interaction with biological or quantum materials occurs.

D. Absence of Offline Mode

The current implementation depends heavily on cloud-based services like Supabase for authentication and storage.
This limits functionality in offline or bandwidth-constrained environments. Although desktop packaging reduces
some dependence on network availability, full offline simulation support remains an area for future development.

VI. Conclusion and Future Work
In this paper, we presented the development and evaluation of Neuron, a novel simulation platform that
encodes binary data into three futuristic formats: DNA sequences, graphene resistance grids, and synthetic brain
signals. We detailed the system architecture, conversion methodology, encoding algorithms, and user interaction
design, and explained how each module draws inspiration from emerging research in biotechnology,
nanotechnology, and cognitive computing. The platform goes beyond visual simulation by implementing real
encoding logic that produces structured outputs, potentially usable in future physical data storage systems.

Through rigorous modular design, responsive UI implementation, and cross-platform deployment using Tauri.js
and Supabase, Neuron enables users to visualize, understand, and experiment with advanced data storage
paradigms in a safe, accessible environment. Functional testing, real-time analytics, and role-based access control
ensure a reliable experience across multiple user types.

While the platform is currently simulation-only and lacks integration with physical synthesizers or neural
interfaces, its extensibility and encoding framework position it as a future- ready prototyping tool. Planned
improvements include offline simulation support, hardware interfacing, format export for synthesis labs, and full
bidirectional encoding- decoding flows.

This research contributes a working prototype and framework for educational and experimental interaction with
next-generation storage technologies—bridging theory and simulation in a tangible, user-centric way.
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