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Abstract— Bitcoin, the most well-known of all the 

cryptocurrencies , have attracted a lot of attention thus far, and 

their prices have been quite volatile. While some research 

employ traditional statistical and econometric methods to 

discover the factors that drive Bitcoin prices, experimenting on 

the development of prediction models to be utilized as decision 

support aids in investment approaches is uncommon. The 

sudden rise and fall of cryptocurrency rates affects the 

economies and future perspectives of various businesses. In 

order to minimize business risks, to track the differences and 

avoid serious economic loss, prediction of daily digital currency 

rates becomes a crucial task. Our study performs a comparative 

analysis of Bitcoin price prediction utilizing efficient neural 

network techniques such as LSTM and GRU. A better RNN-

based approach is derived as a result of the study. This approach 

will assist to facilitate a secure environment for businesses and 

to alarms to carryout risk management tasks for business risk 

mitigation purposes. 
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I. INTRODUCTION 

Cryptocurrency, often known as Crypto, is virtual money 
to purchase goods, but an online database and strong 
encryption secure it. The majority of demand in uncontrolled 
currencies is trading to achieve massive profit, with 
speculators driving prices to absurdly high levels at points of 
time. Digital currency is an online payment method used for 
the purpose to purchase and sell goods and services. Many 
companies have developed their personal economies, referred 
as tokens, which can be traded for the products or services 
they provide [1, 2]. Arcade tokens (ARCs) or casino chips are 
two examples of such economies. To obtain the goods or 
service, you must first exchange real money for bitcoin. Some 
of the most popular cryptocurrencies that affect the market 
capitalization standards include Bitcoin, Ethereum, Binance 
coin, Cardona and Ripple etc. The first cryptocurrency was 
known as Bitcoin. It was created to let consumers 
perform digital payments without relying on banks or finance 
companies. This also implies that its users can transfer and 
accept money without revealing their identities. Satoshi 
Nakamoto, an anonymous developer, posted the Bitcoin 
whitepaper to a cryptography email group in the year 2008, 
outlining his idea for the first cryptocurrency [3]. Bitcoin is 
based on the blockchain, which is a publicly distributed digital 
ledger. This makes it possible to build and share a track of all 
transactions throughout a peer-to-peer system. The system is 
protected from double-spending, which occurs when a virtual 
token is used more than once [4].  

Dissimilar to traditional market values, the unpredictable 
nature of cryptocurrency markets and their similarities with 
regular market characteristics make them unstable. They are 
distributed natured, uncontrolled by an origin and are 
susceptible to manipulation [5]. Many businesses are already 
investing in blockchain that underpins the far more prominent 
cryptocurrencies, including Bitcoin, and we should anticipate 
this number to rise as utilization of Bitcoin raises in our 
dailylife [6]; and many individuals are now speculating on the 
bitcoin price. Making assumptions on the Bitcoin market may 
provide a way to make a lot of money, but it also comes with 
many risks [7]. Therefore, handling the business risk becomes 
a main task to be performed for a profitable and secure 
business. As a consequence, figuring out the best time to enter 
the market is crucial for maximizing profits while avoiding 
losses. The price of Bitcoin changes on a daily basis, just like 
other currencies [8]. On the other hand, Bitcoin price 
movements are considerably more significant than fiat money 
rate changes. As a result, determining the direction of future 
price movement may be critical. Currently, a slew of internet 
platforms provide various research tools that help bitcoin 
traders detect trends and gauge market sentiment [9]. 

Machine Learning and Deep Learning approaches are 
considered to derive results with high accuracy and 
performance in estimating bitcoin rates [10]. Various studies 
have proved the extraordinary predictions performed by 
LSTM and GRU methods. Although a large body of research 
has investigated the price of stocks and bonds, generating a 
large number of potentially market-predictive indicators, the 
new stream of bitcoin pricing has received less attention [11]. 
Our approach performs a comparative analysis of the two-
deep strategies and investigates the best method for 
cryptocurrency price forecasting. 

The paper is structured as follows: Section 2 describes 
related works for bitcoin price prediction. Deep Learning 
methods used for price forecasting are explained in section 3. 
Section 4 presents the implementation procedures, and the 
results are displayed in section 5 of the paper. Section 6 
includes the conclusion.  

II. LITERATURE REVIEW 

This section comprises of a brief study of the literature 
discussing the Bitcoin price prediction analysis via deep 
learning approaches.  

Awoke et al. [12] has a concentrated research on bitcoin, 
a well-known cryptocurrency. Among the various forms of 
virtual currencies, bitcoin has a wide range of supporters, 
including entrepreneurs, scientists, marketers, and authorities. 
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The goal, to the state of the art, is to construct efficient deep 
learning-based prediction models, especially long short-term 
memory (LSTM) and gated recurrent unit (GRU), in order to 
control bitcoin price fluctuations and achieve high accuracy. 
Our research compared the efficiency of two time series deep 
learning approaches in predicting bitcoin prices. Yang [13] 
investigated the topic of next-day Bitcoin price forecasting by 
presenting a technique combining Ensemble Empirical Mode 
Decomposition (EEMD) with a deep learning approach 
termed long short-term memory (LSTM). When utilizing the 
EEMD-LSTM technique, the results suggest that there is still 
more work to be done [14].  

In the paper, Politis et al. [15] proposed an approach for 
developing reliable models to anticipate cryptocurrency 
exchange rates. To that aim, they offered a method for 
systematically identifying the most relevant data 
characteristics for a given cryptocurrency, as well as a 
collection of current deep learning techniques for time series 
forecasting, such as LSTM, GRU, TCN, and model ensembles 
[16]. The proposed approach is applied to the Ether use case: 
Both short- and long-term forecast models anticipate the 
precise price of Ether as well as its direction. According to Liu 
et al [17], one of the deep learning approaches, Stacked De-
noising Auto-encoders (SDAE) is used to forecast the bitcoin 
price after establishing an attribute system with 40 
determinants that influence the price of Bitcoin considering 
aspects of the cryptocurrency industry, national attention, and 
the macroeconomic conditions. The findings indicate that the 
SDAE model outperforms the back propagation neural 
network (BPNN) and support vector regression (SVR), in both 
directional and level prediction, measured by indicators such 
as mean absolute percentage error (MAPE), root mean 
squared error (RMSE), and directional accuracy (DA). 

Hua et al. [18] used machine learning methods for Bitcoin 
price prediction but the study is unique in that it introduces a 
new feature termed interaction, which dramatically improves 
the model's performance. This article [19] includes a unique 
interaction feature taken from Twitter, which improves the 
model's performance in predicting Bitcoin price fluctuations. 
Furthermore, new functionality is simple to use and extract. Ji 
et al. [20] performed a comparative analysis of current deep 
learning approaches. Despite LSTM-based prediction models 
topped the others in terms of Bitcoin price prediction, DNN-
based models outscored the rest approaches in forecasting 
price fluctuation. In addition, a simple profit analysis 
indicated that categorization models were more efficient for 
algorithmic trading than regression models [21]. In general, 
the suggested deep learning-based prediction models 
performed similarly.  

This research [22] aims to use a deep learning model to 
forecast the Bitcoin price and determine if Bitcoin is lucrative 
as an investment strategy. The profitability of MA cross-over 
approach with projected prices as input variables is 
investigated using LSTM as a forecasting model with 
nonlinearity and long-term memory. The findings of this 
study, which included more current data, confirmed the 
cryptocurrency market's inefficiencies, as had earlier studies, 
and demonstrated the viability of employing a deep learning 
approach for Bitcoin traders. For predicting the Bitcoin price, 
Khedmati et al. [23] proposed a range of prediction models 
based on conventional and machine learning techniques, 
comprising ARIMA, Random Forest (RF). Artificial Neural 
Network (ANN), Bayesian method, Kriging and Support 

Vector Machine (SVM). As they are univariate 
and multivariate models, they include the maximum, lowest, 
and opening daily cost of Bitcoin. The findings reveal that of 
all the univariate and multivariate techniques, the Random 
Forest has the greatest performance, with the least RMSE and 
MAPE. 

Huy et al. [24] evaluated the accuracy of two alternative 
models for predicting bitcoin price in Dollar: the Long Short 
Term Memory (LSTM) network and the ARIMA model. 
Pycurl collects real-time pricing data from Bitfine. Keras and 
TensorFlow are used to implement the LSTM model [25]. The 
ARIMA model is utilized in this work to give a traditional 
evaluation of prediction. As predicted [26], it can produce 
efficient forecasts in short time intervals, and the outcome is 
dependent on the period. With more time for model training, 
the LSTM might achieve more significant results. Atsalakis et 
al. [27] presented a computational intelligence approach 
called PATSOS, which use a hybrid Neuro-Fuzzy system to 
anticipate the future of the regular Bitcoin price. The 
suggested methodology beats two previous computational 
intelligence models, one of which was created using a more 
straightforward neuro-fuzzy approach and artificial neural 
networks. The PATSOS system's functioning is unaffected by 
the use of alternative cryptocurrencies.  

III. METHODOLOGY 

Deep Learning is a branch of Machine Learning (Artificial 
Intelligence). Deep learning networks gain knowledge by 
recognizing complex patterns in the data they encounter. The 
networks may generate various degrees of abstraction to 
describe the data by developing computational models that are 
made up of numerous processing layers [28, 31]. Following 
are two main DL approaches used for prediction analysis: 

A. Long Short-Term Memory (LSTM) 

LSTM features feedback connections, unlike typical 
feedforward neural networks. It can handle single data points 
like visualizations and whole data sequences like voice or 
video. They are capable of solving the vanishing gradient 
issue and storing memories for extended periods. LSTM cell 
structure contains an input gate, forget gate and output gate. 
All the gates control the information transmission to and from 
the memory unit, storing values across arbitrary time periods. 
The forget gate forgets useless information and removes it 
from the cell. 

 ��� = � (�	
 ∗ �ℎ����, ���� + ����	
) (1) 

Input gate takes input into the cell, and output gate shows 
the output as shown in equations: 

 ��� = � (��� ∗ �ℎ����, ���� + ������) (2) 

 ��� = � (�
� ∗ �ℎ����, ���� + ����
�) (3) 

However, the hidden state data is preserved by the 
following equations, first calculating a cell state and then the 
hidden state: 

 �� = (��� ∗ ����) + (��� ∗ ��
�) (4) 

 ℎ�� = �� ∗ ���ℎ(��) (5) 
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B. Gated Recurrent Unit (GRU) 

GRU uses an update gate and reset gate instead of forget 
and output gates in LSTM that would assist in taking control 
of the gradient vanishing issues occurring in the neural 
network. Update gate performs the input and forget input tasks 
as: 

 � � = � (��! ∗ �ℎ����, ���� + �����!) (6) 

The reset gate mains the hidden state as in equation: 

 "#� = � (�$% ∗ �ℎ����, ���� + ����$%) (7) 

The hidden gate values are calculated using two equations 
of candidate hidden state and actual hidden state: 

 &′� = ���ℎ(�( ∗ (ℎ���� ∗ "�) + )( ∗ ���) (8) 

 &� = � � ∗ &��� + (1 − � �) ∗ &′�  (9) 

IV. EXPERIMENTAL DESIGN 

This section involves the implementation portion of our 
experiment. The description of the dataset and deep learning 
methods configuration are all described in this section. 

A. Dataset 

We have used a Bitcoin dataset from the Kaggle 
repository, Cryptocurrency Historical Prices for Bitcoin price 
forecasting. The repository contains an updated set of other 
digital currency datasets that show the fluctuations in their 
prices. For our experiment, the Bitcoin dataset includes 2991 
price records during the timespan of eight years from 2013 to 
date. Each record specifies the high and low rates, the opening 
and closing rates of BTC per day, respectively. The dataset is 
split up into 90:10 ratio in terms of training and testing sample 
division. Table 1 is the tabular view of dataset division.  

TABLE I.  DIVISION OF BTC DATASET 

BTC Dataset Training Sample Testing Sample Total 

No of records 2691 300 2991 

Percantage 90% 10% 100% 

 

B. Meta Parameter Configuration 

Deep Learning models like LSTM and GRU are 
implemented by configuring the Meta parameters required for 
a suitable scenario. It is performed to achieve desirable results 
having high accuracy and performance rates. Table 2 shows a 
description of Meta parameters information. 

TABLE II.  META PARAMETERS CONFIGURATION 

Meta Parameters BTC Dataset 

Model Sequential 

Activation Function Linear 

Epochs 50 

Optimizer SGD, Adam 

Hidden Layers 3 

Learning Rate 0.001 

Meta Parameters BTC Dataset 

Batch Size 32 

Dropout Value 0.5 

 

V. EXPERIMENTAL RESULTS 

The application of Deep Learning approaches like LSTM 
and GRU to predict cryptocurrency rates have affected the 
outcomes significantly. The bitcoin closing rates are expected 
using LSTM and GRU techniques and are compared with the 
actual closing rates, as shown in Table 3. Each BTC close 
price record corresponds to its specific date, which changes 
daily.   

TABLE III.  COMPARATIVE ANALYSIS OF BTC CLOSING PRICE 

PREDICTION 

Date 
Actual Closing 

Rates 

Predicted Closing Rates 

LSTM GRU 

6/11/2021 37334.4 31604.37 34597.06 

6/12/2021 35552.52 32238.54 34749.53 

6/13/2021 39097.86 32001.9 34839.28 

6/14/2021 40218.48 32696.64 35125.91 

6/15/2021 40406.27 33724.45 35639.74 

6/16/2021 38347.06 34489.81 36267.07 

6/17/2021 38053.5 34216.36 36727.67 

6/18/2021 35787.24 33664.14 36979.45 

6/19/2021 35615.87 32560.4 36898.8 

6/20/2021 35698.3 31705.93 36590.76 

6/21/2021 31676.69 31304.27 36196.4 

6/22/2021 32505.66 29978.68 35490.02 

6/23/2021 33723.03 29158.15 34680.67 

6/24/2021 34662.44 29179.63 34008.35 

6/25/2021 31637.78 29743.55 33589.81 

6/26/2021 32186.28 29311.82 33138.88 

6/27/2021 34649.64 28907.9 32699.31 

6/28/2021 34434.34 29417.13 32504.83 

6/29/2021 35867.78 29939.23 32496.22 

6/30/2021 35040.84 30702.39 32703.18 

7/1/2021 33572.12 30965.66 32961.27 

7/2/2021 33897.05 30520.45 33083.97 

7/3/2021 34668.55 30140.28 33108.71 

7/4/2021 35287.78 30173.1 33139.95 

7/5/2021 33746 30518.88 33239.68 

7/6/2021 34235.19 30349.16 33261.02 

 

It is clearly observed that GRU performs better than the 
LSTM model and achieves a low RMSE value, which means 
it gains more accuracy than LSTM. Table 4 displays the 
calculated RMSE values for both the prediction models. 
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Minimum the RMSE value, better will be the model for 
prediction analysis and more accurate it will respond to 
forecast BTC daily prices.  

TABLE IV.  ROOT MEAN SQUARE ERROR COMPARISON 

Model LSTM GRU 

RMSE 0.0685 0.0465 

 

 
Fig. 1. Graphical Representation of Actual BTC Close Rates and the 
predicted LSTM & GRU Close Rates. 

The Figure 1 above shows that GRU Predicted Close 
values are quite near to the actual BTC Close values compared 
to LSTM Predicted values. GRU method proves to be more 
accurate and efficient than LSTM approach.  

VI. CONCLUSION 

As a result of rise and fall in the Bitcoin prices everyday, 
prediction steps enable stakeholders to know the future of their 
businesses and to identify the business risks in the way of their 
profitable business insights. This will create a secure 
environment for businesses to forecast future fluctuations and 
perform inversting procedures. For that purpose, we gathered 
Bitcoin daily price dataset for a period of eight years from 
April 2013 to July 2021. The study performs a comparative 
study of Bitcoin Price prediction analysis using Neural 
Network methods like LSTM and GRU. Using the models, the 
last 20 days of dataset are predicted. Based on the results, 
GRU shows better results in terms of prediction accuracy and 
measurements, achieving a RMSE value of 0.0465. 
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