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Abstract 

 

Finance and technology are rapidly converging, with 

crypto currencies and artificial intelligence (AI) leading 

this transformation. Crypto currencies have introduced 

decentralized transactions, while AI is enhancing 

decision-making and automating complex processes in 

finance. India's financial landscape has evolved 

significantly over the past decade. According to the 

Reserve Bank of India (RBI), digital payments grew at a 

compound annual growth rate (CAGR) of over 50% 

between 2017 and 2022. However, the crypto currency 

sector has faced regulatory uncertainties. In 2018, RBI 

imposed a banking ban on crypto transactions, which was 

overturned by the Supreme Court in 2020. To analyze the 

potential of AI and crypto currencies in reshaping India’s 

financial sector, addressing traditional system challenges, 

and identifying regulatory and technological 

opportunities. The title explores the role of two 

revolutionary technologies, crypto currencies and AI, in 

transforming finance. It highlights challenges (e.g., 

security, regulation) and opportunities (e.g., financial 

inclusion, process automation) in India's financial 

landscape. Before AI, financial systems relied on manual 

data processing, paperwork, and traditional banking 

methods. Risk assessment, transaction management, and 

customer service were labor-intensive, leading to 

inefficiencies and slower processes .India's traditional 

financial systems often lack scalability, efficiency, and 

adaptability to evolving demands, resulting in slow 

transaction speeds, high processing costs, and limited 

accessibility for the unbanked population. Exploring AI 

and crypto currency technology can address the 

limitations of India's traditional financial systems by 

improving efficiency, accessibility, and security. The 

study aims to leverage these technologies to enhance 

financial inclusion and foster innovation in India's 

economy. Crypto currencies can further drive inclusive 

finance by reducing transaction fees and ensuring secure, 

decentralized transactions. 

 

Keywords: Crypto currencies, Artificial Intelligence 

(AI), Financial Inclusion, Digital Payments, 

Regulatory Challenges, Efficiency 

1. INTRODUCTION 

The fusion of finance and technology has given rise to 

transformative innovations, particularly in the realms of 

crypto currencies and artificial intelligence (AI). In India, 

the digital payment landscape has evolved dramatically 

over the last decade. The number of digital payment 

transactions surged to 7.42 billion in March 2021, a 

100% increase compared to the previous year, as 

reported by the National Payments Corporation of India 

(NPCI). Furthermore, the Reserve Bank of India (RBI) 

estimated that the market for crypto currencies could 

exceed $1 trillion by 2025. 

 

Before the adoption of machine learning, the Indian 

financial system encountered significant challenges. 

Manual processing of transactions often led to delays and 

increased the likelihood of errors. Risk assessment relied 

heavily on outdated methods, resulting in inadequate 

fraud detection and higher default rates. Access to 

financial services remained limited for rural and 

underserved populations due to inefficiencies in 

traditional banking systems. Furthermore, compliance 

with regulatory requirements was labor-intensive and 

prone to mistakes, leading to increased operational costs 

for financial institutions. These issues underscored the 

urgent need for innovative solutions to enhance the 

efficiency and accessibility of financial services. 

 

The motivation for this research stems from the pressing 

need to modernize India's financial ecosystem. As digital 

finance continues to grow, the integration of AI and 

crypto currency presents an opportunity to overcome the 

inefficiencies of traditional systems. By leveraging 

machine learning algorithms, financial institutions can 

automate processes, improve risk assessment, and 

enhance customer experiences. Furthermore, the rise of 

crypto currencies offers a pathway to increase financial 

inclusion, especially for those who remain unbanked. 
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Exploring these technologies can lead to innovative 

solutions that not only address current challenges but 

also set the foundation for a more resilient and inclusive 

financial future. 

 

2. LITERATURE SURVEY 

 

Num noda have obtained highly accurate results on 

implementing their prediction Gated Recurrent Unit 

(GRU) model. However, their prototype has a large time 

complexity. Thus complicating the expected results in 

this ever-changing environment. Additionally, the 

selected features aren’t enough to predict the Bit coin 

prices; as various factors like social media, policies, and 

laws that each country announces to deal with digital 

currency, can all play a major effect on the fluctuation of 

the Bitcoin prices.  

 

Manglahave compared four different price prediction 

models: Recurrent Neural Networks (RNN), Logistic 

Regression, Support Vector Machine, and Auto 

Regressive Integrated Moving Average (ARIMA). Their 

major findings are that- ARIMA performs poorly for 

predictions extending beyond the next day. Their RNN 

model can accurately predict price fluctuations for up to 

six days. And the logistic regression model can give 

accurate results only if a separable hyperplane exists.  

 

Guo have used a hybrid method consisting of multi-scale 

residual blocks and an LSTM network to predict Bitcoin 

price. Although, their work does not include 

comprehensive metrics which measure the investor’s 

attention to more timely detection of bitcoin market 

volatility, therefore resulting in a less accurate prediction. 

 

 Awoke have considered basic deep learning models like 

GRU and LSTM. However, their research lacks further 

investigation to enhance the model accuracy by 

considering different parameters.  

 

Ranawhile implementing a highly accurate LSTM model, 

have conducted their research on a large scale, thus 

making their methodology a bit complex. 

 

Hamayel and Owda developed a novel crypto currency 

price prediction model utilizing GRU, LSTM, and bi-

LSTM machine learning algorithms. Their study 

demonstrated that bi-LSTM outperformed other recurrent 

architectures in terms of prediction accuracy, 

emphasizing the importance of bidirectional learning for 

capturing complex dependencies in time-series crypto 

currency data . 

 

Wardak and Rasheed  focused on Bitcoin price prediction 

using LSTM networks. They highlighted that LSTM-

based models effectively capture long-term dependencies 

and reduce error rates in crypto currency forecasting 

compared to traditional machine learning techniques. 

 

Kumar investigated crypto currency price prediction 

using LSTM and recurrent neural networks (RNNs). 

Their study demonstrated that RNN-based models, 

especially LSTM, are well-suited for sequential data 

modelling, achieving high predictive performance when 

trained on historical price data. 

 

Ravele examined the closing price prediction of 

Ethereum using deep learning techniques. Their study 

utilized various feature sets and neural network 

architectures to improve forecasting accuracy. The 

results suggested that deep learning models could 

efficiently predict Ethereum's closing prices with 

minimal error rates . 

 

Lahmiri and Bekiros proposed a crypto currency 

forecasting approach based on chaotic neural networks. 

They incorporated deep learning techniques to model the 

chaotic nature of crypto currency markets, concluding 

that neural networks are capable of capturing the intrinsic 

complexity of crypto price movements. 

 

3. PROPOSED METHODOLOGY 

 

The proposed algorithm for predicting crypto currency 

prices can be a Recurrent Neural Network (RNN) or 

Long Short-Term Memory (LSTM) model. These 

models are suitable for time-series prediction as they can 

capture temporal dependencies and patterns in sequential 

data. The LSTM algorithm, in particular, is effective in 

learning long-term dependencies in data and is often used 

for financial forecasting tasks. After training the model 

on the pre processed dataset, it can predict future prices 

based on historical trends. 

 

 
Figure 1:  Block diagram. 

 

Long Short-Term Memory (LSTM) is a type of recurrent 

neural network (RNN) specifically designed to capture 

patterns in sequential data over extended periods. Unlike 

traditional RNNs, LSTMs can learn and remember 

dependencies within data sequences, such as time-series 

data, text, or speech, without suffering from vanishing 

gradient issues that often hinder RNN performance on 
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long sequences. 

 

How LSTM Works 

 

An LSTM network contains unique structures called 

memory cells designed to manage long-term 

dependencies effectively. Each cell has three main gates: 

Forget Gate: Decides which information from the cell 

state to discard based on current input and past memory. 

Input Gate: Determines what new information to store 

in the cell state, updating the memory. 

Output Gate: Produces the cell’s output, deciding what 

part of the cell state should be carried forward to the next 

step and given as output. 

These gates are activated by learned weights that adjust 

based on the training data, allowing the network to focus 

on relevant information while "forgetting" irrelevant 

details. 

After implementing both existing algorithms (e.g., Linear 

Regression, ARIMA) and the proposed algorithm 

(LSTM), the performance of each model is evaluated 

based on various metrics such as accuracy, mean 

squared error (MSE), or root mean squared error 

(RMSE). The results typically show that the proposed 

LSTM algorithm outperforms the existing algorithms, 

providing better prediction accuracy due to its ability to 

capture complex temporal patterns in the crypto currency 

data. The LSTM model offers superior accuracy in 

forecasting crypto currency prices compared to simpler 

models like Linear Regression or ARIMA, making it the 

more suitable choice for this type of problem. 

 

Performance Comparison 

After implementing both existing algorithms (e.g., Linear 

Regression, ARIMA) and the proposed algorithm 

(LSTM), the performance of each model is evaluated 

based on various metrics such as accuracy, mean 

squared error (MSE), or root mean squared error 

(RMSE). The results typically show that the proposed 

LSTM algorithm outperforms the existing algorithms, 

providing better prediction accuracy due to its ability to 

capture complex temporal patterns in the crypto currency 

data. The LSTM model offers superior accuracy in 

forecasting crypto currency prices compared to simpler 

models like Linear Regression or ARIMA, making it the 

more suitable choice for this type of problem. 

 

Data Splitting & Pre processing 

In the data splitting step, the crypto currency dataset is 

divided into three sets: Training, Validation, and Test. 

The training set, typically comprising 70-80% of the 

data, is used to train the machine learning model. The 

validation set, around 10-15%, is used to fine-tune model 

parameters and avoid overfitting. The remaining 10-15% 

is allocated to the test set, which serves to evaluate the 

model's performance on unseen data. Preprocessing 

follows to prepare the data for modeling. First, missing 

values are handled by either removing rows with null 

data or filling them with the mean, median, or mode. 

Feature scaling is then applied, using techniques like 

Min-Max scaling or Standardization to ensure that 

numerical features, such as price data, are on similar 

scales, which helps the model converge faster. Feature 

engineering may involve creating additional features, 

such as moving averages or price changes, to improve the 

model’s predictive power. If there are any categorical 

features, they are transformed into numerical values 

using label encoding or one-hot encoding. Additionally, 

the Date column can be split into components like year, 

month, and day to extract temporal features that may 

enhance predictions. This preprocessing pipeline ensures 

that the data is clean, normalized, and structured for 

effective model training. 

 

LSTM Architecture 

LSTM networks are composed of multiple layers of 

LSTM cells, with each cell receiving inputs from 

previous cells and states in the sequence. The 

architecture can include a stacked or bidirectional 

structure, depending on the complexity and requirements 

of the task. 

Advantages of LSTM 

Long-Term Dependency Learning: LSTMs can capture 

long-term dependencies, making them ideal for 

sequential and time-series analysis tasks. 

Vanishing Gradient Solution: The cell structure 

effectively mitigates gradient decay, allowing the 

network to train efficiently on long sequences. 

Adaptable and Versatile: LSTMs have been applied 

successfully to varied domains, from stock prediction and 

natural language processing to video analysis. 

4. EXPERIMENTAL ANALYSIS 

 

Figure 1 is shown home Page 

Figure 2 shows the Registration for admin (train model) 

and users (test prediction). 

Figure 3 and 4 is for log in 
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                            Figure 1: Home Page 

 

                               Figure 2: Register 

 
                                 Figure 3: Log in 

 

                     Figure 4: After logged in 

 
                          Figure 5: Uploaded Dataset 

 

 
                      Figure.6: After Train LSTM Model 

 

Figure 6 is showing train the LSTM model and the find 

out the evaluation metrics of the LSTM model which is 

the best R2 score. 

 

 
                           Figure 7: Shows prediction output 
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Figure 8: Predicted and Original values 

5. CONCLUSION 

The convergence of artificial intelligence (AI) and crypto 

currencies is reshaping the financial landscape, offering 

both challenges and opportunities. AI has significantly 

improved efficiency in risk assessment, fraud detection, 

and personalized financial services, while crypto 

currencies enable secure, decentralized transactions that 

reduce costs and enhance financial inclusion. 

 

 In India, despite regulatory uncertainties, digital 

payments have seen exponential growth, demonstrating 

the potential for AI and block chain-driven financial 

systems. The study highlights how leveraging AI for 

predictive analytics and automation can optimize 

financial decision-making.  

 

Additionally, Long Short-Term Memory (LSTM) 

networks have been employed to predict future financial 

trends, improving investment strategies and market 

forecasting. The adoption of crypto currencies can 

democratize finance by providing secure, low-cost 

transactions, especially in regions with limited banking 

infrastructure.  

 

However, regulatory frameworks must evolve to ensure 

security and prevent misuse. As AI and crypto currencies 

mature, they will play a crucial role in building a more 

efficient, transparent, and inclusive financial ecosystem. 

The successful integration of these technologies requires 

a balanced approach, combining innovation with 

regulatory oversight. Ultimately, embracing AI and block 

chain-based solutions will drive financial growth, 

ensuring a more robust and accessible economy for all 

stakeholders. 
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