[ ICAETBM-2024 ]
Print ISSN: 2395-1990 | Online ISSN : 2394-4099 (www ijsrset.com)
doi : https://doi.org/10.32628/IJ]SRSET

Crypto Currency Prediction Using DL

Prof. Dheeraj Patil, Prof. Ashish Manwatkar Aditya Dahatonde, Yash Shinde, Lajwanti Kute, Chetan Chavan
Nutan Maharashtra Institute of Engineering and Technology, Talegaon(D), Pune

ABSTRACT

In today's world overflowing with information, the challenge of efficiently distilling key insights from
Abstract— Cryptocurrency markets exhibit high volatility, making accurate price prediction a challenging task.
This paper presents a novel approach to cryptocurrency price prediction using deep learning techniques,
specifically Long Short-Term Memory (LSTM) neural networks. The study utilizes historical cryptocurrency
data (BTC-USD1.csv) and applies preprocessing techniques to prepare the dataset for model training. The LSTM
model is trained on this data to forecast short-term price movements. Results demonstrate the effectiveness of
the model in accurately predicting cryptocurrency prices, providing valuable insights for investors and traders.

The paper concludes with discussions on the implications of the findings and suggestions for future research

directions in the field of financial forecasting using deep learning.
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I. INTRODUCTION

The rapid rise of cryptocurrencies has introduced a new

paradigm in financial markets, characterized by
decentralized digital currencies operating on blockchain
the

captured global attention with its meteoric price surge,

technology. Bitcoin, ploneer cryptocurrency,
prompting widespread interest and investment in digital
assets[4,5,6]. the

cryptocurrency markets poses significant challenges for

However, inherent volatility of
investors and traders seeking to navigate these dynamic
landscapes. Accurate prediction of cryptocurrency
prices has thus emerged as a crucial endeavor, offering
insights into market trends and informing strategic

decision-making[7,8,9].

This introduction sets the stage for exploring the
importance and complexity of cryptocurrency price
prediction[10]. It begins by highlighting the
transformative impact of cryptocurrencies on

traditional financial systems, emphasizing their
decentralized nature and technological
underpinnings[11]. The introduction then delves into
the challenges posed by market volatility, illustrating
the need for robust predictive models to navigate the
uncertainties inherent in cryptocurrency trading. One
of the primary objectives of this paper is to introduce
a novel approach to cryptocurrency price prediction
using deep learning techniques, specifically Long
Short-Term Memory (LSTM) neural networks[12].
Deep learning has garnered considerable attention in
recent years for its ability to uncover complex
patterns in large datasets, making it particularly well-
suited for financial forecasting tasks. The LSTM
architecture, with its capability to capture long-term
dependencies in sequential data, holds promise for
modeling the intricate dynamics of cryptocurrency
prices.
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In this context, the introduction outlines the structure
and objectives of the paper. It provides a roadmap for
the subsequent sections, including a review of relevant
literature, methodology for data collection and
preprocessing, the architecture of the LSTM model,
presentation of results, and discussions on implications

and future research directions.

The

significance of accurate cryptocurrency price prediction

introduction concludes by underscoring the

in facilitating informed investment decisions. It
emphasizes the potential benefits of leveraging deep
learning techniques to navigate the complexities of
cryptocurrency markets and identifies the contributions
of the paper in advancing research in this domain.
Ultimately, the introduction sets the tone for the
exploration of cryptocurrency price prediction using
deep learning methodologies, underscoring its relevance

and implications for financial markets and beyond.

RELATED WORK

This paper presents a methodology for predicting

cryptocurrency price fluctuations using graph
embedding and deep learning techniques. It explores
the application of LSTM, GRU, and a hybrid model to
forecast the prices of cryptocurrencies like Bitcoin. The
study utilizes graph embedding from Neo4j sandbox to
capture complex relationships in cryptocurrency data,

achieving promising results in prediction accuracy.

Researchers introduced a deep reinforcement learning

algorithm for cryptocurrency trading, aiming to
maximize short-term profit. The study utilized Duelling
DQN to simulate trading behavior based on historical
price movements and real- time data. However, results
showed that the Duelling DQN agent underperformed
the

CI'y'ptOCUI'I'eDCY tradlng scenarios.

compared to buy-and-hold benchmark in

This study conducted a comparative analysis of machine

learning methods for cryptocurrency price prediction. It
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evaluated the performance of Ridge regression, RNNs,
and LSTM models in forecasting cryptocurrency prices.
Findings revealed that Ridge regression outperformed
complex models in predicting exact closing prices, while
LSTM excelled in directional prediction.

Investigating Ethereum price trends, researchers
utilized machine learning and deep learning algorithms
to forecast price movements. Their study demonstrated
the superior prediction accuracy of LSTM models over a
the

effectiveness of LSTM in capturing temporal dynamics

substantial ~ historical = dataset, highlighting

in cryptocurrency prices.

A novel approach for cryptocurrency price prediction
using neural networks and deep learning techniques
was proposed. The model considered various variables
such as stock market capitalization, trading volume, and
distribution. Active LSTM networks were employed for
forecasting digital currency values, showing promising
results in improving prediction accuracy.

Focusing on cryptocurrency price prediction, this study
utilized LSTM and recurrent neural networks. Min-Max
Scaler was employed for preprocessing, achieving
promising results for real-time cryptocurrency price
prediction. The research demonstrated the effectiveness
of deep learning techniques in capturing complex

patterns present in cryptocurrency data.

Combining technical indicators with deep learning
techniques, researchers aimed to predict short-term
cryptocurrency price trends. The study utilized the
Multi-scale Residual Convolutional (MRC) module and
LSTM for improved accuracy in predicting short-term

price movements.

Researchers developed a deep learning-based LSTM
model for cryptocurrency price prediction. Their study
involved

also creating a user-friendly frontend

application for accessing predictions, enhancing

accessibility and usability in cryptocurrency trading

scenarios.
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Table 1. Different cryptocurrency prices prediction
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Techniques
SR. REF.
No. | No. Techniques Used Advantages Challenges
- Captures
complex - Handling volatility
LSTM, GRU, relationships in and non-linearity in
Hybrid Model, cryptocurrency cryptocurrency
1 Paper 1 | Graph Embedding data markets
Deep - Underperformance
Reinforcement - Simulates trading | compared to buy-
Learning (Duelling | behavior based on | and-hold benchmark
2 Paper2 | DQN) historical data in trading scenarios
- Ridge regression
outperforms in
predicting exact
closing prices
<br>-LSTM
excelsin - Balancing model
Ridge regression, directional complexity with
3 Paper3 | RNNs, LSTM prediction prediction accuracy
- Superior
prediction - Capturing temporal
Machine Learning, accuracy for dynamics and
Deep Learning Ethereum price irregularities in
4 Paper4 | (LSTM) trends Ethereum prices
- Considers
various variables
for forecasting - Ensuring robustness
LSTM, Active digital currency and generalization of
5 Paper5 | LSTM Networks values the model
- Achieves
promising results
for real-time - Handling complex
LSTM, Min-Max cryptocurrency patterns and noise in
6 Paper 6 | Scaler price prediction cryptocurrency data
- Improved - Integration of
accuracy in short- technical indicators
MRC Module, term price trend with deep learning
7 Paper 7 LSTM prediction models
- Development of - Ensuring accuracy
LSTM a user-friendly and reliability of
8 Paper 8 | Architecture frontend predictions in real-
application for world trading
accessing scenarios
predictions
SR. REF.
No.  |No. Techniques Used Advantages Challenges
- Captures
complex - Handling volatility
LSTM, GRU, relationships in and non-linearity in
Hybrid Model, Graph | cryptocurrency cryptocurrency
1 Paper 1 [Embedding data markets
Deep Reinforcement | - Simulates - Underperformance
Learning (Duelling trading behavior compared to buy-
DQN) based on and-hold benchmark
2 Paper 2 historical data in trading scenarios
- Ridge
regression
outperforms in
predicting exact
closing prices
<br>-LSTM - Balancing model
Ridge regression, excels in complexity with
& Paper3  |RNNs, LSTM directional prediction accuracy
prediction
PROPOSED SYSTEM

Data Collection:
The data collection process is fundamental to the

development of a robust -cryptocurrency price

prediction model. In this study, historical
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cryptocurrency data is obtained from a reliable source to
serve as the foundation for model training and
evaluation.

The primary dataset used in this study is BTC-USD1.csv,
which contains a comprehensive record of Bitcoin price
movements over a specific time period. This dataset
includes essential features such as Open, High, Low,
Close, Volume, and Adjusted Close prices, providing a
detailed

dynamics.The data collection process involves the

representation of cryptocurrency market

following steps:

Source Identification: Identify reputable sources of
historical cryptocurrency data that offer comprehensive
and accurate information. Reliable sources may include
cryptocurrency exchanges, financial data providers, or
publicly available datasets.

Data Retrieval: Obtain the historical cryptocurrency
data from the identified source. This may involve
downloading the dataset directly from a website,
accessing an API (Application Programming Interface)
to retrieve real-time data, or using specialized data
acquisition tools.

Data Format and Structure: Ensure that the collected
data is in a suitable format for analysis. Verify that the
dataset contains relevant features such as timestamped
price data, trading volume, and other pertinent variables

required for cryptocurrency price prediction.

Data Cleaning:

Perform data cleaning procedures to address any
inconsistencies, missing values, or anomalies in the
dataset. This may include imputing missing values,
removing outliers, and standardizing data formats to

ensure consistency and accuracy.

Data Storage: Store the collected cryptocurrency data in
a structured format for easy access and analysis. This
may involve organizing the data into a database,
spreadsheet, or other data storage solutions compatible
with the chosen data analysis tools. text into the

template from another document, make sure that the
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Data Preprocessing:

Data preprocessing is a crucial step in preparing the
collected cryptocurrency data for model training and
analysis. This process involves cleaning, transforming,
and standardizing the dataset to improve its quality and
suitability for predictive modeling.

The data preprocessing steps for cryptocurrency price
prediction typically include the following:

Handling Missing Values: Check for any missing values
in the dataset and decide on an appropriate strategy for
handling them. Common approaches include
imputation (replacing missing values with a calculated
estimate) or removal (discarding rows or columns with
missing values).

Scaling Numerical Features: Normalize or scale
numerical features to a consistent range to facilitate
model training. Standard scaling techniques such as
Min-Max scaling or z- score normalization are often
employed to bring numerical features within a specified
range, typically between 0 and 1 or with a mean of 0
and standard deviation of 1.

Encoding Categorical Variables: If the dataset includes
categorical variables (e.g., categorical representations of
cryptocurrency types or market conditions), encode
them into numerical format using techniques such as
one-hot encoding or label encoding to make them
compatible with machine learning algorithms.

Handling Outliers: Identify and address any outliers or
anomalies in the dataset that may distort model training
and predictions. Outliers can be treated by filtering
them out, transforming them using statistical methods,
or employing robust algorithms that are less sensitive to
outliers.

Feature Engineering: Extract relevant features or derive
new features from the existing dataset to enhance the
predictive power of the model. This may involve
creating lag features, rolling averages, or other
transformations that capture temporal patterns and
relationships in the data.

Train-Test Split: Split the preprocessed dataset into
training and testing sets to evaluate model performance.

The training set is used to train the model, while the

Page No : 109-117

testing set is held out for evaluating its performance on
unseen data. Common split ratios include 70%-30% or
80%-20% for training and testing, respectively.

Data Normalization: Normalize the dataset to ensure
that the distribution of features is consistent across the
entire dataset. This helps prevent biases in model
training and improves convergence during optimization.

This is another level 4

Model Architecture:
The LSTM (Long Short-Term Memory) model serves as

the core component of the predictive framework for

cryptocurrency price prediction. LSTM is a type of
recurrent neural network (RNN) designed to capture
long-term dependencies and patterns in sequential data,
making it well- suited for time series forecasting tasks.
The architecture of the LSTM model comprises multiple
layers of LSTM cells, followed by fully connected layers
for feature extraction and prediction. The LSTM cells
incorporate gates to regulate the flow of information
through the network, allowing it to selectively
remember or forget past information based on its
relevance to the current prediction.

Key components of the LSTM model architecture
include: Input Layer: The input layer receives sequential
data in the form of time steps, with each time step
relevant

representing a feature vector containing

information = about the cryptocurrency
market at a specific point in time.
LSTM Layers: The LSTM

interconnected LSTM cells, each capable of storing and

layers consist of

processing information over multiple time steps. These
the

dependencies and patterns in the input data, facilitating

layers enable model to capture temporal
accurate price predictions.

Hidden Layers: Additional hidden layers may be
incorporated between the LSTM layers to enhance the
model's capacity to learn complex relationships and
patterns in the data. These hidden layers typically
employ activation functions such as ReLU (Rectified

Linear Unit) to introduce non-linearity into the model.
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Output Layer: The output layer produces the final
predictions based on the processed information from the
LSTM layers. In the context of cryptocurrency price
prediction, the output layer typically consists of a single
neuron representing the predicted price value for the
next time step.

The parameters of the LSTM model, including the
number of LSTM units, the learning rate, and the batch
size, are carefully chosen to optimize model
performance and generalization ability. Hyperparameter
tuning techniques such as grid search or random search
may be employed to identify the optimal configuration
for the model architecture.

Overall,

backbone of the cryptocurrency price prediction

the LSTM model architecture forms the

framework, leveraging its ability to capture temporal
dynamics and long-term dependencies in the data to

generate accurate forecasts.

Training Process:

The training process involves optimizing the parameters
of the LSTM model using historical cryptocurrency data
to learn patterns and relationships that enable accurate
price prediction. This section outlines the steps involved
in training the LSTM model for cryptocurrency price
prediction:

Data Preparation: Before training the model, the
historical cryptocurrency dataset is preprocessed and
divided into training and validation sets. The training
set contains sequences of historical data, while the
used to monitor the model's

validation set is

performance during training and prevent overfitting.

Model Initialization: The LSTM model architecture,
including the number of layers, LSTM units, and
activation functions, is defined and initialized. The
model parameters are randomly initialized or pre-
trained using transfer learning techniques if applicable.
Model Compilation: The model is compiled with
appropriate loss functions, optimization algorithms, and
evaluation metrics. For cryptocurrency price prediction,

mean squared error (MSE) or mean absolute error (MAE)
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may be used as the loss function, while optimization
algorithms such as Adam or RMSprop are commonly
employed to minimize the loss during training.

Model Training: The training process begins by feeding
batches of sequential data from the training set into the
LSTM model. The model iteratively learns from the
input sequences, updating its parameters through
backpropagation and gradient descent optimization. The
training continues for multiple epochs until the model
converges to a satisfactory level of performance.

Model Evaluation: Throughout the training process, the
model's performance is evaluated using the validation
set. Evaluation metrics such as loss values, accuracy, and
mean absolute percentage error (MAPE) are monitored
to assess the model's predictive performance and
identify any signs of overfitting or underfitting.
Hyperparameter Tuning: Hyperparameters such as
learning rate, batch size, and the number of LSTM units
are fine-tuned to optimize the model's performance.

Techniques such as grid search or random search may

be employed to systematically explore the
hyperparameter space and identify the optimal
configuration.

Model Validation: Once the training process is complete,
the trained LSTM model is validated using unseen data
from the validation set to assess its generalization ability.
The model's predictions are compared against the
ground truth values, and additional evaluation metrics
are computed to measure its accuracy and reliability.

By following these steps, the LSTM model is trained to
effectively capture temporal dependencies and patterns
in the cryptocurrency data, enabling it to generate
accurate predictions of future price movements. The
training process is iterative and may require fine-tuning
of parameters to achieve optimal performance and

generalization ability.

Evaluation Techniques:
The performance of the LSTM-based cryptocurrency
price prediction model is assessed using various

evaluation techniques to measure its accuracy,
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reliability, and generalization ability. This section
outlines the key evaluation metrics and techniques
employed to assess the model's performance:

Mean Squared Error (MSE): MSE is a commonly used
metric to quantify the average squared difference
between the predicted and actual cryptocurrency prices

over a given period.

It provides a measure of the overall prediction error,
with lower MSE values indicating better model

performance.

Mean Absolute Error (MAE): MAE calculates the
average absolute difference between the predicted and
actual prices, providing a more interpretable measure of
prediction accuracy compared to MSE. Like MSE, lower
MAE values indicate better model performance.

Mean Absolute Percentage Error (MAPE): MAPE
computes the average percentage difference between
the predicted and actual prices, making it useful for
assessing prediction accuracy relative to the magnitude
of the prices. MAPE is particularly helpful when
evaluating the model's performance across different
cryptocurrency assets with varying price ranges.

Root Mean Squared Error (RMSE): RMSE is the square
root of the MSE and provides a measure of the standard
deviation of the prediction errors. It is widely used to
assess the magnitude of prediction errors and is sensitive
to outliers in the data.

R-squared (R"2) Score: R"2 the

proportion of the variance in the cryptocurrency prices

sCore Imeasures

that is explained by the model. A higher R"2 score
indicates that the model can better explain the
variability in the observed prices, with values closer to 1
indicating better model fit.

Visualization of Predictions: Visual inspection of the
model's predictions against the actual cryptocurrency
prices is essential for gaining insights into its
performance. Line plots, scatter plots, and time series
plots can be used to visualize the predicted and actual
prices over time, allowing for qualitative assessment of

the model's accuracy and predictive capabilities.
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Backtesting and Trading Simulation: In addition to
quantitative metrics, backtesting and trading simulation
techniques can be employed to assess the model's
profitability and effectiveness in real-world trading
scenarios. This involves simulating trading strategies
based on the model's predictions and evaluating their

performance against a benchmark or historical data.

SYSTEM ARCHITECTURE DIAGRAM

Data Pre processing

Model Development

Data Collection . o
Scaling Handling Missing

Values LSTM Model Development

BTC-USD1.csv

Training & Evaluation

Model Training (Epocs, Batch
Size,efc)

Prediction Visualization Historical vs

Future Price Prediction Predicted Prices

RESULT AND DISCUSSION

The LSTM-based cryptocurrency price prediction
model demonstrates promising performance in
forecasting future price movements of Bitcoin (BTC)
based on historical data. Through rigorous training
and evaluation, the model achieves competitive
accuracy metrics and provides valuable insights for
traders and investors in the cryptocurrency market.
Key Results:

Accuracy Metrics: The model achieves low mean
squared error (MSE), mean absolute error (MAE),
and mean absolute percentage error (MAPE) values,
indicating its ability to accurately predict Bitcoin
prices over various time horizons.

Visualization: Visual inspection of the model's
predictions against the actual Bitcoin prices reveals
close alignment  and minimal deviation,
demonstrating the model's effectiveness in capturing
price trends and patterns.

Generalization: The model demonstrates robust
generalization ability, performing well on unseen
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validation data and exhibiting consistency in its
predictive performance across different time periods.
Backtesting: Backtesting and trading simulations
based on the model's predictions show promising
results, with potential for generating profits in real-
world trading scenarios.

Interpretability: The model's predictions are
interpretable and align with fundamental and
technical analysis insights, providing valuable

decision support for traders and investors. Discussion:

The LSTM-based cryptocurrency price prediction
model represents a significant advancement in
leveraging deep learning techniques for forecasting
Bitcoin prices. By harnessing the temporal
dependencies and patterns inherent in cryptocurrency
data, the model offers actionable insights for
navigating the volatile cryptocurrency market.

The results demonstrate the potential of deep learning
models, particularly LSTMs, in capturing complex
relationships in cryptocurrency price data and
generating accurate predictions. However, it is
essential to acknowledge certain limitations and
considerations:

Data Quality: The performance of the model heavily
relies on the quality and representativeness of the
training data. Ensuring the integrity of historical
cryptocurrency data, addressing data biases, and
incorporating additional features may further enhance
the model's performance.

Market Dynamics: Cryptocurrency markets are
inherently volatile and subject to various external
factors, such as regulatory changes, technological
advancements, and market sentiment. While the
model captures historical patterns, its predictive
capabilities may be influenced by unforeseen events
and market dynamics.

Model Interpretability: While LSTM models offer
powerful predictive capabilities, their inner workings
may be less interpretable compared to traditional
statistical models. Enhancing model interpretability
and providing insights into the factors driving
predictions can aid in building trust and confidence
among users.
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Risk Management: Traders and investors should
exercise caution and implement robust risk
management strategies when using predictive models
for trading decisions. While the model provides
valuable insights, it is not immune to prediction
errors and market uncertainties

CONCLUSION

In conclusion, the LSTM-based cryptocurrency price
prediction model represents a  significant
advancement in leveraging deep learning techniques
for forecasting Bitcoin prices. Through rigorous
training, evaluation, and validation, the model
demonstrates competitive accuracy metrics and
provides valuable insights for traders and investors in
the cryptocurrency market.

The model's ability to accurately capture complex
patterns and temporal dependencies in cryptocurrency
price data, coupled with its robust generalization
ability, highlights its potential as a reliable tool for
forecasting future price movements. However, it is
essential to recognize the inherent uncertainties and
challenges associated with cryptocurrency markets,
including volatility, regulatory changes, and market
sentiment. Despite these challenges, the LSTM-based
model offers valuable decision support and risk
management  capabilities for navigating the
cryptocurrency market. By incorporating additional
features, enhancing model interpretability, and
implementing robust risk management strategies,
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traders and investors can leverage the model's
predictions to make informed trading decisions  and
capitalize on market opportunities.

Overall, the LSTM-based cryptocurrency price
prediction model holds promise as a valuable asset
for traders, investors, and market analysts seeking to
gain insights into cryptocurrency price trends and
make data-driven investment decisions in an
increasingly complex and dynamic  market
environment. Continued research and development
efforts are essential to further refine the model's
accuracy, reliability, and usability in real-world
trading scenarios.
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