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Abstract:  

Introduction: Due to financial technology advances, cryptocurrency is a new asset with great 

potential for academics. Price volatility and dynamism make Cryptocurrencies prediction 

difficult.  

Objectives: This paper presents three Recurrent Neural Network (RNN) methods for predict 

Bitcoin (BTC), Ethereum (ETH), and Binance Coin (BNB) prices to predict the price of 

Cryptocurrency.  

Methods: This study uses three RNN algorithms LSTM, Bi-LSTM, and GRU to predict the 

prices of Bitcoin (BTC), Binance Coin (BNB), and Ethereum. (ETH) 

 Results: BTC, ETH, and BNB prices are predicted using three machine learning algorithms. 

The model's accuracy was assessed using performance metrics. We followed by comparing 

actual and predicted prices of models. The GRU algorithm surpassed its competitors, attaining 

MAPE values of 2.562795642 for BNB, 2.921155091 for ETH, and 3.363400599 for BTC. 

Conclusion: The value of cryptocurrency swings regularly. Since the cryptocurrency market is 

nonlinear, time series data is challenging to evaluate when making price predictions. Machine 

learning algorithms are used in many financial and economic activities. Investors, researchers, 

and professionals need cryptocurrency value forecasts. In this study, GRU outperformed than 

LSTM and Bi-LSTM algorithms in predicting prices of BTC, ETH and BNB. 

Keywords: Cryptocurrency; LSTM, Bi-LSTM GRU, BTC, ETH, BNB 

 

1. Introduction 

The monetary system relies on fiat cash, which is divisible, transferable, durable, and scarce [1]. The 

lack of a physical currency underpinning can lead to hyperinflation and wealth disparity [2]. 

Transactions are generally processed through intermediaries like financial institutions and credit card 

firms, which increases prices and transfer times. Current ledgers are vulnerable to manipulation and 

breaches. Individual data ownership may be lost. The public trusts the present financial system despite 

these restrictions because of government rules and legal contracts. Trust breaches, like the 1990s dot-

com and 2008 real estate booms, have caused huge financial losses [3]. Creating a new framework that 

fosters confidence among financial system players is crucial. In October 2008, Satoshi Nakamoto 

released blockchain technology and the first digital currency BTC.[4]. This system enables direct 

monetary transactions between peers via the public internet without the involvement of middlemen. It 

has become a significant asset in the global market [5]. Universities, government organizations, media, 

and the public are studying it. Cryptocurrencies employ cryptography to secure transactions and 
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prevent counterfeiting [6]. Because they are not issued by a central body, cryptocurrencies are 

independent of banks and centralized currencies. Cryptocurrencies have all blockchain properties 

because the blockchain is crucial. BTC allows safe pseudo-anonymous digital transactions, making it 

easier to identify the sender and receiver. Governments worldwide have focused on blockchain 

technology, calling for cryptocurrency regulation. Crime, sovereignty, and opportunities drive this 

government interest. However, BTC uses PoW and PoS hybrid techniques, which need substantial 

energy consumption to protect the network [7]. Bitcoin utilizes pow, a consensus method that requires 

users to calculate to validate and add transactions. ASICs and plenty of electricity are needed for 

mining. PoW systems' high energy usage and mining power centralization are drawbacks. In view of 

the worldwide movement to prevent climate change, PoW energy usage threatens the BTC network. 

Alternative systems like PoS employ consensus algorithms to validate transactions without computing 

labor. Users must stake the asset to participate in validation. PoS systems may be more energy-efficient 

than PoW systems because they require less processing power [8]. BTC is the most popular 

cryptocurrency. Its early market entry and prominence as the first cryptocurrency helped it gain 

importance and appeal. This has become BTC the top cryptocurrency. Ethereum, LTC, and Ripple is 

also popular. Ref. [9] notes that Bitcoin's rivalry with competing cryptocurrencies pushes industry 

improvement in technology and security. In [10], big data and cryptocurrencies are examined. 

Typically, this material is unstructured and difficult to handle using conventional approaches. Over the 

past decade, there have been substantial advancements in computer and communication platforms due 

to digitalization and the use of cutting-edge technologies. According to [11], this development has led 

to the extensive gathering and utilization of big data analytics in several areas of everyday life. The 

utilization of big data analytics and the IoT is revolutionizing communication infrastructure and 

influencing the methods by which data are processed and evaluated. Both of them depend on 

sophisticated technology, such as AI and ML, to handle vast quantities of data. The relationship 

between big data and cryptocurrencies is intimate, since blockchain technology, employed in 

cryptocurrency administration, utilizes big data methods for the purpose of safe and decentralized data 

storage and processing. Moreover, the utilization of big data analytics enables the examination of 

bitcoin market patterns and identification of deceitful behaviors, thereby enhancing the resilience of 

the cryptocurrency market. The mutual reliance between big data and cryptocurrency has favorable 

prospects for the advancement of both. The cryptocurrency market is very volatile, making it a 

profitable market for speculators. Utilizing AI and ML algorithms can assist in forecasting future 

cryptocurrency values, while the work remains difficult owing to the intricate and non-linear nature of 

the pricing. However, it is anticipated that the market value of cryptocurrencies would increase in the 

future, with a projected compound annual growth rate of 11.1%. Nevertheless, investors have 

encountered challenges in previous instances due to price bubbles resulting in an unsustainable level 

of volatility.  

To address these problems, market players need a credible model to capture trends and anticipate. 

However, government regulations, technical advances, public perception, and global events greatly 

impact cryptocurrency price prediction difficult. Thus, the article uses deep learning algorithms to find 

hidden patterns in data, combine them, and make more accurate predictions:  

• Developing a framework for BTC, ETH, and BNB price predictions;  

• Applying chosen DL algorithms: LSTM, Bi-LSTM, and GRU;  
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• Assessing prediction performance using MAPE, RMSE, MAE and MSE metrics; 

In this paper, Section 2 covers the literature, Section 3 materials and methods, Section 4 experimental 

results, Section 5 compares our model to similar studies, and Section 6 concludes the study. 

2. Literature Review 

Machine learning forecasts the future using past data. Training an ML model on past data aids in future 

price prediction. Among other benefits over conventional forecasting models, ML and DL techniques 

enable the ability to produce results near to the real data points and raise accuracy. [12]. Several ML 

approaches are used for this purpose, such as DT, SVM and NN’s. According to the authors of [13], 

including bitcoin into multi-asset portfolios improves portfolio performance in a variety of ways. It 

first increases portfolio minimal variance and raises the efficient frontier. Bitcoin assets also reduce 

portfolio standard deviations and increase Sharpe ratios. Several research have employed machine 

learning algorithms to anticipate Bitcoin values, with promising results. Machine learning techniques 

were applied to forecast BTC and other cryptocurrency prices. The authors [14] compared the SVM, 

ANN, and Deep Learning machine learning algorithms. This research attains 99% accuracy in 

predicting Bitcoin and Ethereum prices through the utilization of network-based characteristics and 

machine learning models. In [15], researchers employed ANN, KNN, gradient boosted trees, and an 

ensemble model to forecast the prices of nine cryptocurrencies. [16] employed an ensemble model 

using RF and GBM to forecast BTC, ETH, and XRP values. These forecasts' MAPE values for the 

ensemble model varied from 0.92% to 2.61%. Many DL-based financial time series prediction models 

have appeared recently. The authors of [17] created a two-stage method for forecasting Bitcoin values. 

Initially, they used ANN and RF to identify the elements that were essential for prediction. 

Subsequently, they utilized an LSTM model using the features that were identified. LSTM outscored 

ARIMA and SVM. LSTM and GRU networks predicted LTC and Monero prices in another research 

[18]. Hybrid model predicted bitcoin values better than LSTM-only. Another study used AR features 

in an LSTM network to anticipate daily BTC prices [19]. RMSE, MAPE, MSE and MAE were lower 

in the recommended LSTM-AR model than in a normal LSTM model. The study [20] uses ensemble 

learning, LSTM, Bi-LSTM, and CNN to make hourly predictions of coin prices that are correct and 

reliable. Using Random Forest (RF) and Gradient Boosting Machine (GBM), the study [ 21] estimates 

short-term bitcoin values based on past prices and technical data. Both models exhibited identical 

accuracy when evaluated on Bitcoin, ETH, and XRP; GBM somewhat outperformed RF in MAPE and 

RMSE. These models show the possibilities for automated trading systems. A WAMC was used to 

enhance bitcoin price prediction in Reference [22].  

3. Materials and Methods 

Addresses research pre-processing and modeling techniques. Prediction graphs for several 

cryptocurrencies are shown. Finally, we examine the study's performance and analysis. This research 

estimates BTC, ETH, and BNB prices using LSTM, Bi-LSTM, and GRU. Historical data for BTC, 

ETH, and BNB is collected, divided into training and testing datasets, and three models are trained, 

tested, and compared to assess each DL approach. 

3.1. Dataset: The data set was obtained from web site: https://finance.yahoo.com. The dataset 

included four columns: Date, BTC-Close, ETH-Close, and BNB-Close. We chose Close Price to 

https://finance.yahoo.com/
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predict with Deep Learning Models. Table 1 represents dataset specifications, whereas Table 2 shows 

a few data points from the study's targeted cryptocurrencies. 

Table 1. Specifications of dataset 

Parameters of Data set Data Description Type of Data   

Date Date of the data Date 

Open Price  Opening price  Numeric 

High  High  Numeric 

Low   Low  Numeric 

Close  Close  Numeric 

Adj Close  Adjusted close  Numeric 

This research introduces a four-layer network design for each deep learning model, comprising deep 

learning layers with 200 neurons. Figure 1 depicts the pre-processing techniques utilized on the dataset. 

We employed many preprocessing approaches on the BTC, ETH, and BNB datasets to ready them for 

deep learning research. After employing data imputation for removing missing values, we modified 

the data format to ensure compliance with the implementation of chosen models Upon analyzing the 

dataset, we found no missing values. Normalization is essential for ensuring the precision of model 

fitting and reducing bias. To address the possible problem of disparate handling of variables with 

varying scales, we employed feature-wise normalization methods such as MinMax Scaling before 

fitting the model. A study conducted recently has demonstrated that implementing data scaling 

techniques can enhance the efficiency of models [23]. Hence, in our inquiry, we employed MinMax 

Scalar to standardize the data. We utilized an 80:20 training: test split methodology to ensure the 

uniformity of attributes for each Cryptocurrency. The training dataset covers the time period from 1 

January 2020 to 31 December 2023, representing appropriatly80% of the available data. The testing 

dataset comprises appropriately 20% of the data and encompasses the period from 1 January 2024 to 

30 June 2024. Daily closing prices of BTC, ETH, and BNB are shown in Figures 2–4 for training and 

testing datasets.  

 

Fig.1 Processing of data set and model selection 
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Fig.2 Train and test- data set of BTC. 

Figure 2 shows the selected data on the Bitcoin (BTC) closing price. The closing price increased 

progressively until 2021, when it suddenly climbed to 67566.8281 USD at its time series peak.  

 
Fig.3 Train and test – data set of ETH 

Figure 3 shows the selected data on the Ethereum (ETH) closing price.  The closing price increased 

progressively until 2021, when it suddenly climbed to 4812.0874 USD at its time series peak.  

 
Fig.4 Train and test- data set of BNB. 

Figure 4 shows the BNB price at the end of the collection. It shows that the closing price went up 

slowly until the end of 2021. After that, it went up quickly and reached a high of 675.6841 USD. 

Understanding the flow of data and activity via a reliable and relevant chart helps communicate its 

meaning. Figure 5 shows targeted Bitcoin, Ethereum and Binance distribution from January 1, 2020, 

to June 30, 2024. The closing price determines the price rise and interval.  

 
Fig. 5 Time series of BTC, ETH, & BNB closing prices 
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Table 2: Displays a few data points from the BTC, ETH, and BNB: Close prices. 

Date BTC ETH BNB 

1-Jan-20 7200.174 130.802 13.68908 

2-Jan-20 6985.47 127.4102 13.02701 

3-Jan-20 7344.884 134.1717 13.66045 

4-Jan-20 7410.657 135.0694 13.89151 

Figure 6 shows the chosen cryptocurrencies' Pearson correlation coefficient. BTC, BNB, and ETH the 

closing price are positively correlated via the correlation matrix. If the value of one currency changes, 

so will the others. 

 

Fig.6 BTC, BNB, & ETH correlations matrix.  

3.2.Deep Leaning Methods: 

3.2.1. LSTM: LSTM is advanced RNN. These approaches are designed to prevent long-term reliance 

and address the vanishing gradient problem with a system that modulates information for long-term 

storage [24]. The LSTM architecture comprises of memory blocks linked by recurrent subnetworks. 

Memory blocks maintain the network's state and manage cell-to-cell communication. Figure 8 shows 

the LSTM architecture. The input gate selects critical cell status information, while the output gate 

determines what to send. 

 

Fig.7 LSTM algorithm structure 

An LSTM network is trained by below equations [25]: 

𝑖𝑡 = 𝜎(𝑊𝑖 [ℎ𝑡−1 ,, 𝑥𝑡 ] + 𝑏𝑡)       (1) 

𝑓𝑡 = 𝜎(𝑊𝑓 [ℎ𝑡−1 ,, 𝑥𝑡 ] + 𝑏𝑡)       (2) 

𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝑡𝑎𝑛ℎ(𝑊𝑐 [ℎ𝑡−1 ,, 𝑥𝑡 ] + 𝑏𝑐)    (3) 
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𝑂𝑡 = 𝜎(𝑊𝑜 [ℎ𝑡−1 ,, 𝑥𝑡 ] + 𝑏𝑜)       (4) 

ℎ𝑡 = 𝑂𝑡 ∗ 𝑡𝑎𝑛ℎ(𝐶𝑡)        (5) 

where  xt Input, ht Hidden state, Ct Cell state, it Input gate, ft Forget gate, Ot Output gate, t Time step, 

W  Weight matrices, b Bias vectors.The sigmoid function limit output to 0 and 1, The Tanh limit 

output to -1 and 1. 

3.2.2. Gated Recurrent Unit: GRUs are RNNs created by [26] in 2014 to improve LSTM networks. 

LSTMs and GRUs examine input sequences of any length while storing past information. GRUs use 

one update gate and a reset gate to decide which information to preserve and discard, unlike LSTMs, 

which use several gates and an internal memory cell. This makes GRUs easier to train than LSTMs 

and performs similarly on many tasks [27]. GRUs outperformed LSTMs in Penn Tree bank language 

modeling. A NLP model research [28] found GRUs similar to LSTMs and CNNs on several 

benchmarks. Long-range associations in sequential data are better detected by GRUs than RNNs. 

Based on input and network state, a GRU's update and reset gates can maintain or forget earlier 

information. For language translation, GRUs are good for recalling and applying knowledge from long 

sequences.  

Figure 9 shows the hidden state at time t, ht, updated by the following equations [29]:  

𝑢𝑡 = 𝜎(𝑊𝑢 [ℎ𝑡−1 ,, 𝑥𝑡 ])        (6) 

𝑟𝑡 = 𝜎(𝑊𝑟[ℎ𝑡−1 ,, 𝑥𝑡 ])        (7) 

ℎ𝑡 = (1 − 𝑢𝑡) ∗ ℎ𝑡−1 + 𝑢𝑡 ∗ 𝑡𝑎𝑛ℎ(𝑊𝑢 [𝑟𝑡 ∗  ℎ𝑡−1 ,, 𝑢𝑡 ])   (8) 

where ut update gate, rt reset gate.  

 
Fig. 8 GRU cell diagram 

 

3.2.3. Bi-Directional LSTM: Recurrent Neural Networks, such as Bi-LSTMs, evaluate sequential 

input in both forward and backward directions (Figure 9). This enables the network to forecast or 

classify based on historical and prospective inputs. This is particularly advantageous for roles where 

antecedent and subsequent events influence the current circumstances. A Bi-LSTM or Bi-GRU has 

four layers of LSTM or GRU cells, with one layer processing data in a forward direction and the other 

in a backward direction. The research "Bi-directional Recurrent Neural Networks" [30] first presented 

the concept of integrating a forward and backward LSTM to capture both past and future context for 

speech signal processing tasks in 1997. Since that time, Bi-LSTMs have been employed in sentiment 

analysis, text classification, and language translation. Multiple research [31,32] have shown that Bi-
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LSTMs can proficiently forecast time series. The Bi-LSTM yielded advantageous outcomes in several 

studies. References [33] established a Bi-LSTM model, showcasing its enhanced efficacy. 

 
Fig.9 Structure of a Bi-LSTM algorithm 

3.3. Hyperparameter Tuning: Machine learning system performance depends on hyperparameter 

adjustment. The best hyperparameters can improve the algorithm's performance and give more 

accurate predictions [34]. To get the best results, optimize the hyperparameters before running the deep 

learning algorithm. This study optimized hyperparameters such layer neuron count, epoch size, and 

batch size. Each epoch represents a full dataset iteration during model execution, including forward 

and backward passes. A single forward/backward run uses a certain number of samples, called the 

batch size. It determines the number of samples sent across the network to update weights in one 

iteration. A model's performance and training time depend on batch size. While reducing batch size 

increases weight updates, it may hinder convergence. Increasing batch size may hasten convergence 

but require more computer resources. Batch sizes were 16, 32, 64, and 120 for the trials. However, the 

best hyperparameter value of 32 was chosen since it yielded more accurate results across all prediction 

models in this study.  

3.4. Performance Metrics:  MAPE, RMSE, MAE, and MSE were the metrics that we applied in 

order to evaluate the efficacy of the deep learning algorithms  

MAPE= 
1

 𝑛
∑ |

𝐴𝑡−𝐹𝑡

𝐴𝑡
|𝑛

𝑡=1        (9) 

RMSE=√
1

 𝑛
∑ (𝐴𝑡 − 𝐹𝑡)2𝑛

𝑡=1        (10) 

MAE = 
1

 𝑛
∑ |𝐴𝑡 − 𝐹𝑡|𝑛

𝑡=1         (11) 

MSE=
1

 𝑛
∑ (𝐴𝑡 − 𝐹𝑡)2𝑛

𝑡=1         (12) 

where Ft and At are the predicted and tested prices, and n is the no of time steps 

The smaller the MAPE, the RMSE, the MAE and the MSE values, the better the prediction model 

performance 

4. Results:  The outcomes of using these models to forecast BTC, ETH, and BNB are shown in 

Table 3, whereby the model exhibiting the lowest error values is identified as the most efficient. 

Figures 10-21 provide a comparison between actual and forecasted values for various currencies. The 

anticipated values closely align with the actual ones; nonetheless, minor differences exist. The 

differences are illustrated by the performance measures presented in Table 3. 
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Table 3. Proposed model performance. 

Currency Model MAPE RMSE MAE MSE 

 

BTC 

LSTM 5.74517992 4476.194874 3688.774618 20036320.55 

Bi-LSTM 5.34301493 3826.955086 3308.275949 14645585.23 

GRU 3.36340059* 2603.043999* 2084.982958* 6775838.062* 

 

ETH 

LSTM 3.90121391 157.7434218 124.2988898 24882.98712 

Bi-LSTM 3.20296604 137.8613613 101.8942603 19005.75493 

GRU 2.92115509* 121.2087421* 91.11290297* 14691.55915* 

 

BNB 

LSTM 3.002507352 21.1590163 14.69491963 447.704 

Bi-LSTM 2.743532156 19.49814094 14.01106665 380.1775 

GRU 2.562795642* 19.98837011* 13.28685417* 399.5349* 

*Represents the high accuracy of GRU model 

4.1. Results for BTC: Table 6 indicates that the GRU model forecasts BTC prices more accurately, 

exhibiting the lowest RMSE, MSE, MAE, and MAPE values. Figure 12 verifies that the forecasts of 

the GRU model align with actual prices. GRU forecasts BTC trends more effectively than LSTM and 

Bi-LSTM, with a negligible difference. The Bi-LSTM model ranks second for BTC, with somewhat 

elevated RMSE, MSE, MAE, and MAPE. These findings show that bidirectional RNN networks 

forecast BTC prices better than conventional ones. BTC Figures 10–12 compare testing data set and 

predicted dataset prices for the three models. 

 

 

Fig.10 Actual and forecasted BTC prices using LSTM 

. 

 

Fig.11 Actual and forecasted BTC prices using Bi-LSTM model. 
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Fig.12 Actual and forecasted BTC prices using GRU model. 

4.2. Results for ETH: Table 3 indicates that the GRU model forecasts ETH prices more accurately, 

exhibiting the lowest RMSE, MSE, MAE, and MAPE. Figure 15 verifies that the forecasts of the GRU 

model align with actual prices. GRU forecasts BTC trends more well than LSTM and Bi-LSTM, with 

a negligible difference. The Bi-LSTM model ranks second for ETH, exhibiting somewhat elevated 

RMSE, MSE, MAE, and MAPE. These data indicate that bidirectional RNN networks predict ETH 

prices more well than traditional models. Ethereum Figures 13–15 juxtapose the testing dataset prices 

with the anticipated dataset prices for the three models. 

 

Fig.13 Actual and forecasted ETH prices using the LSTM model. 

 

Fig.14 Actual and forecasted ETH prices using the bi-LSTM model. 

 

Fig. 15. Actual and forecasted ETH prices using the GRU model. 

4.3. Results for BNB: Table 3 shows the GRU model predicts BNB prices better with the lowest 

RMSE, MSE, MAE and MAPE. Figure 18 confirms that GRU model projections match real prices. 

GRU predicts BTC trends better than LSTM and Bi-LSTM, with a minor difference. With slightly 

higher RMSE, MSE, MAE and MAPE, the Bi-LSTM model is second-best for BNB. These findings 
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show that bidirectional RNN networks forecast BNB prices better than conventional ones. BNB 

Figures 16–18compare testing data set and predicted dataset prices for the three models. 

 

Fig.16 Actual and forecasted BNB prices using the LSTM model. 

 

Fig.17 Actual and forecasted BNB prices using the bi-LSTM model. 

 

Fig.18 Actual and forecasted BNB prices using the GRU model. 

 The GRU model surpasses conventional LSTM and Bi-LSTM networks in forecasting bitcoin 

prices. Figure 19-21 depicts the disparity between the actual and projected values of BTC, ETH, and 

BNB using the LSTM, Bi-LSTM, and GRU models. The predicted prices and the actual prices are 

very close, as shown by the error measures such as MAPE, RMSE, MAE, and MSE. This signifies that 

the GRU model demonstrated enhanced accuracy in its predictions compared to LSTM and Bi-LSTM. 

 
Fig.19 Actual data set and predicted data set - Bitcoin prices using the LSTM, Bi-LSTM and GRU 

models. 
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Fig.20 Actual data set and predicted data set - Ethereum prices using the LSTM, Bi-LSTM and GRU 

models. 

 

Fig.21 Actual data set and predicted data set - Binance prices using the LSTM, Bi-LSTM and GRU 

models. 

5. Discussion: The suggested strategy for predicting future bitcoin prices is evaluated against 

previous models in the literature [35,36] to determine its performance. These models are considered 

reliable and appropriate based on the assessment techniques and outcomes. Nevertheless, it is 

important to acknowledge that these models possess many constraints that might affect their precision 

in forecasting bitcoin prices. LSTMs, GRUs, and Bi-LSTMs may not capture all of the linkages that 

affect cryptocurrency values, leading in poor projections. These models also overfit, especially when 

trained on small datasets, resulting in poor performance on novel data. These models also struggle to 

capture basic trends since cryptocurrency prices fluctuate and are unstable. Table 4 contrasts study 

RMSE and MAPE outcomes. The three strategies are successful and equivalent to literary methods. 

MAPE results show that the GRU outperformed the standard Bi-LSTM and LSTM models in 

predicting the prices of all three cryptocurrencies studied. 

Table 4. Relative comparison with similar studies 

Author’s Cryptocurrency  Method’s MAPE RMSE 

[35] BTC - USD 

 LSTM 4.2 2518.02 

 Bi-LSTM 3.8 2222.74 

 GRU 3.5 1777.31 

[35] ETH -USD 

 LSTM 6.4 150.09 

 Bi-LSTM 6.0 147.85 

 GRU 5.7 151.62 

[36] BTC - USD 

 LSTM 4.0 2350.53 

 Bi-LSTM 3.3 1992.88 

 GRU 5.3. 3223.01 
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[36] ETH -USD 

 LSTM 4.7 18384 

 Bi-LSTM 4.2 16860 

 GRU 4.7 18103 

[36] XRP -USD 

 LSTM 6.3 98 

 Bi-LSTM 4.8 79 

 GRU 7.2 104 

Proposed 

approach 
BTC - USD 

 LSTM 5.74517992 4476.194874 

 Bi-LSTM 5.34301493 3826.955086 

 GRU 3.36340059 2603.043999 

Proposed 

approach 
ETH -USD 

 LSTM 3.90121391 157.7434218 

 Bi-LSTM 3.20296604 137.8613613 

 GRU 2.92115509 121.2087421 

Proposed 

approach 
BNB-USD 

 LSTM 3.002507352 21.1590163 

 Bi-LSTM 2.743532156 19.49814094 

 GRU 2.562795642 19.98837011 

 

6. Conclusion: 

This study predicts BTC, ETH, and BNB values using three deep learning algorithms. Tables 3 display 

model performance metrics. We then compared Test and Predicted data set pricing. GRU outperformed 

the other algorithms with BTC, ETH, and BNB MAPE values of 2.859813, 2.51626, and 4.327951. 

Metrics imply the proposed GRU model is more accurate. The LSTM and Bi-LSTM models also 

performed better. This study shows that deep learning models can anticipate cryptocurrency prices, 

but further research is needed. Advanced hyperparameter tweaking, adding macroeconomic variables 

or blockchain metrics, and using hybrid models like GRU-LSTM to improve accuracy may be future 

research. Applying the method to additional cryptocurrencies, creating real-time prediction systems 

for trading, and using explainability methods like SHAP or LIME to increase model interpretability 

seem promising.  
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