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ABSTRACT

Inrecent days, predicting cryptocurrency trends has become essential for most individ-
uals, including stockholders and traders, as it aids them in making better-informed selections
regarding the digital asset market’s future. Predicting the price of the cryptocurrency leads
to profitability in trading strategies. Therefore, the main objective of the study is to cre-
ate an effective deep learning architecture using forecasting models such as recurrent neu-
ral networks (recurrent NN), Convolutional neural networks (convolutional NN) and Long
Short-Term Memory (LSTM) for predicting Bitcoin and Ethereum prices. The model utilizes
CNN to extract features from historical price data. Where, CNN has the ability to detect com-
plex patterns in price movements and incorporates bidirectional LSTM (Bi-LSTM) layers to
capture both past and future price trends. Moreover, Bi-LSTM effectively manages the tem-
poral dynamics and makes it suitable for financial time series, which demonstrate non-linear
behavior. Experimental results on a dataset of major cryptocurrencies demonstrate the ef-
ficacy of the proposed model in forecasting cryptocurrency prices with high accuracy. The
dual-directional model outperforms traditional time series forecasting methods and single-
directional models, showcasing its potential for improving price prediction in the cryptocur-
rency stock market.

Keywords: Bitcoin and ethereum; Bidirectional LSTM; Cryptocurrency; Convolutional
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1. Introduction

Cryptocurrencies act as a secure form
of digital money for direct transactions be-
tween individuals. The transactions are
also kept in a block, which is called
blockchain [1]. The security peculiarities
have made cryptocurrency a widely used
and recognized trading podium for stake-
holders. Cryptocurrencies have seen sig-
nificant growth, increasing in both popular-
ity and market value. Bitcoin, created by
Satoshi Nakamoto [2], is the initial decen-
tralized digital currency and is now the most
valuable cryptocurrency globally. Bitcoin
is a P2P money transfer system that offers
investors the ability to send digital currency
online without the need of intermediaries
[3].

Predicting cryptocurrency prices is
speculative and can be impacted by factors
like market sentiment, regulations, techno-
logical advancements, and macroeconomic
trends. Predicting the future price of cryp-
tocurrencies is challenging. However, ana-
lysts utilize different tools and methods to
forecast price changes. Potential forms of
analysis could comprise technical analysis,
fundamental analysis, sentiment analysis,
and machine learning algorithms. Investors
should carefully research and do their due
diligence before investing in the cryptocur-
rency market [4]. They should keep in mind
that past performance will not guarantee fu-
ture results, and investment in cryptocur-
rencies can to lead huge levels of risk and
instability. Consulting with a financial ad-
visor or investment professional prior to in-
vesting in cryptocurrency is always advis-
able [5].

There are several restrictions to the
present techniques used for predicting the
stock market. Predicting stock values ex-
actly is hypothetic because of the unpre-
dictable nature of their instability. Histor-
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ical data and technical indicators often uti-
lized in these tactics might not encompass
every relevant factor. Moreover, the intri-
cacy of stock market information presents
difficulties when trying to develop pre-
cise forecasting models [6]. The prob-
lem of vanishing gradients is a major chal-
lenge for modern models, particularly in
recurrent neural networks. Furthermore,
the arrival of new investors in the stock
market contributes to the unpredictability
of predictions. To address these restric-
tions, adding financial news, stock forum
data, and social media sentiments can en-
hance the precision of stock prediction ap-
proaches [7]. In finance and trading in-
dustries, forecasting the value of digital
currencies through machine learning meth-
ods is a normal one. Numerous methods
can be utilized to estimate cryptocurrency
prices through machine learning, includ-
ing regression models, time series analysis,
and deep learning algorithms. A famous
strategy involves applying past price data
to train regression models like linear re-
gression, support vector regression, or ran-
dom forest regression [8]. The model can
be exploited for forecasting future value
changes by analyzing past data. Employ-
ing time series analysis tools like ARIMA
or Prophet to study and forecast the time-
based trends in cryptocurrency prices is an-
other approach [9]. These models can un-
derstand the forms in the data to progress
forecasts. DL methods like RNNs with
LSTM networks are also used in predicting
cryptocurrency prices. These models pos-
sess the ability of identifying intricate de-
signs in the data and producing very pre-
cise calculations, particularly for time se-
ries data. It should be stressed that estimat-
ing cryptocurrency values with ML is tough
due to the market’s high unpredictability
and non-linear characteristics [10]. Using
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correct data pre-processing, feature selec-
tion, and model evaluation techniques is im-
portant for increasing strong and accurate
prediction models. Various deep learning
methods, like Deep Learning Long Short-
Term Memory (LSTM) models, have es-
tablished encouraging consequences in pre-
dicting stock market prices.

To predict the prices of the cryp-
tocurrency, in artificial intelligence and ma-
chine learning, some more advanced mod-
els can be made to enhance the prediction.
A widely recognized model that has been
receiving significant attention is the Dual
Directional Model, which is based on a
Convolutional Neural Network (CNN). A
CNN teaches how to identify and inspect
patterns in past price details while forecast-
ing cryptocurrency prices. Utilizing a con-
volutional neural network aids the model
in understanding intricate connections be-
tween variables and enhances its forecast-
ing accuracy. The dual-directional feature
permits the model to evaluate price changes
in both upward and downward directions.
The model can estimate both future price
rises and potential downward trends, thus
providing a more complete market outlook.
The CNN-based Dual Directional Model’s
main strength is effectively managing vast
amounts of data. Prices in cryptocurrency
markets are known to fluctuate rapidly,
showcasing high volatility. The model
is built to predict large data sets quickly
to handle and enables traders to make in-
formed selection in real time. Moreover,
the model can be effortlessly retrained and
updated with fresh data, enabling it to adjust
to evolving market conditions. Flexibil-
ity is crucial in the rapidly changing world
of cryptocurrency trading, as market trends
can change swiftly.
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1.1 Research contribution
The contribution of the research in
the proposed model comprises:

1. To forecast the price of cryptocurren-
cies of Ethereum and Bitcoin to erad-
icate the short-term financial crises
by employing CNN-based dual direc-
tional feature prediction for Bitcoin
and Ethereum cryptocurrencies.

To perform an internal comparison to
assess the efficacy of the proposed
framework with existing LSTM and
BiLSTM models.

. To estimate the performance and effi-
ciency of the proposed model by em-
ploying different performance met-
rics such as MAE, MSE and RMSE.

1.2 Paper organization

The paper is organized with the fol-
lowing sections: Section Il exposing the ex-
isting system’s review by suitable problem
identification. This is tracked through Sec-
tion III by the proposed phases. The results
obtained by the implementation of the pro-
posed system are presented in Section IV.
Finally, the inclusive research is resolved in
Section V with conceivable future works.

2. Literature Review

Hybrid architectures with deep neu-
ral network components have many lay-
ers. Whereas, local features are obtained
through a convolutional layer, and the
weights linked to intuitive features are de-
termined through the group-wise enhance-
ment technique. Following the introduction
of the enhanced context vector into the bidi-
rectional layer to capture universal charac-
teristics, the attention device with a fully
linked layer was utilized. The results of the
experiment have shown that the newly de-
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signed architecture performs better than the
existing architecture, by obtaining an accu-
racy of 93.77% [11]. Additionally, a hy-
brid model based on deep learning that in-
tegrates Gated Recurrent Units (GRU) and
Long Short Term Memory (LSTM), has
been used to predict the prices of Litecoin
and Zcash while considering the influence
of the parent coin. The recommended ap-
proach would be suitable for real-time sit-
uations, being trained and assessed with
datasets [12, 13]. The research glances at
three types of Recurrent Neural Networks
(RNN?s) for predicting the exchange rates of
3 different crypto currencies such as (Bit-
coin) BTC, (Ethereum) ETH, and (Litecoin)
LTC[14, 15].

The Python package *YFinance’ has
collected our cryptocurrency data, and the
relative strength index that could be uti-
lized to evaluate the cryptocurrencies[16].
The study applied seasonal decomposition
on the dataset prior to execution of the
model, and the augmented Dickey-Fuller
test shows significant seasonality in the
dataset. Moreover, the AR model is specific
in forecasting prices of BTC, ETH, LTC,
and Tether-token, through accuracies of
97.21%, 96.04%, 95.8%, and 99.91%, re-
spectively [17]. Using the SDAE-B method
to analyze bitcoin price for prediction is re-
lated to using traditional machine learning
methods, such as LSSVM with BP, to pre-
dict the price of bitcoin. The SDAE-B pre-
diction price has a MAPE as 0.016, RMSE
as 131.643, and a DA as 0.817, accord-
ing to the prediction results [18, 19]. A
hybrid cryptocurrency prediction scheme is
suggested, utilizing both Long Short Term
Memory and GRU approaches, with a pre-
cise focus on Litecoin and Monero. The
outcome shows that the suggested method
effectively forecasts prices with precision,
indicating its potential for use in predicting
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the prices of different cryptocurrencies [20,
21]. The use of a Multi-layer perceptron
(MLP) with LSTM contributes to the fore-
casting of Ethereum’s price trends. These
methods have been utilized using histori-
cal data calculated on a daily, hourly, and
minute-by-minute basis. The information is
obtained from the CoinDesk repository [22,
23].

Additionally, GRU also shows the
best forecast for LTC, with MAPE rates for
BTC, Eth, and LTC [24, 25]. The CNN-
LSTM model for multiple cryptocurrencies
considers the significance of correlations
between various frequencies and curren-
cies, to reduce risk of investment by mak-
ing simultaneous predictions for multiple
currencies [26]. Optimized techniques em-
ploying deep learning algorithm and convo-
lutional neural network are used for fore-
casting cryptocurrency. The analysis re-
sults show that the suggested approach ac-
curately predicts prices at a rate of approxi-
mately 98.75% [27]. To mitigate this risk, a
system must be in place to forecast bitcoin
prices using data mining techniques such as
CNN and LSTM. The information utilized
consists of the closing prices of Bitcoin be-
tween January 1, 2017, and April 26, 2023.
The MAPE value for the evaluation of pre-
diction results is 0.037 in the CNN algo-
rithm, compared to 0.065 in the LSTM al-
gorithm [28, 29]. The Bitcoin price data
from 2017 to 2020 are selected as the train-
ing with prediction sets. The experimen-
tal findings indicate that ensemble models
can reach a prediction accuracy of 95.12%,
outperforming the benchmark models [30].
The LSTM model successfully forecasted
both the direction of Bitcoin and the value
of Bitcoin prices during the chosen time
frame. This study demonstrates that LSTM
still excels in forecasting Bitcoin prices ac-
curately, even when compared to the ad-
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vanced ARIMA model [31].

2.1 Problem Identification

Certain limitations are identified in
the implementation of the existing methods
that are represented below.

* Reduced outcomes and less accu-
racy have been delivered by exist-
ing model for the price prediction of
cryptocurrency [22].

» Reduction of economic crises is mea-
sured to be short term in the prevail-
ing study [28, 29].

3. Proposed Methodology

In the proposed methodology, the
cryptocurrency prices are predicted by
using the CNN-based Dual-Directional
Model. Initially, historical price of the
cryptocurrency dataset with Ethereum and
Bitcoin is used. First, the dataset is loaded
and preprocessed using various preprocess-
ing techniques for examining the missing
values, removal of irrelevant and unwanted
data, and eradicating the noisy data, which
affects the quality of the dataset. Further,
data encoding is employed in the proposed
model. Subsequently, preprocessing the
model splits the data into train and test
splits. When the model splits, a regression
process takes place to predict the value of
crypto currencies. The proposed model
utilizes a CNN-based dual-directional
feature prediction for forecasting the prices
of crypto currencies such as Bitcoin and
Ethereum. The CNN model utilized in the
proposed model incorporates the BILSTM
model with attention mechanism (AM), as
the BILSTM has the capability to learn the
bidirectional sequential features that help
in improving the accuracy of the model for
calculation and the capability of AM helps
in assigning the weights according to the
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Prediction on Cryptocurrencies Prices using
CNN-based Dual-Directional Model

Fig. 1. Overall structure of CNN-based dual-
directional model.

significance of the information. Further,
AM is employed in the proposed frame-
work to assist in reducing the effect of the
terminated data on predicting the value of
crypto through conveying better weights.
Fig. 1 illustrates the overall structure of the
CNN-based Dual-Directional model.

3.1 Pre-processing

The chronological collection of the
price data can be predicted and it is ob-
tained from the cryptocurrency exchanges
databases. Here, there is an occurrence of
removal of missing and irrelevant data. It is
significant in the pre-processing step, which
refers to the process of altering categori-
cal or textual data into arithmetical format.
This is used for identifying the design in the
information and making predictions based
on those patterns.

3.2 Train test split

The overall data which is pre-
processed and sent for the feature section
using optimal algorithms are divided in
terms of train and test data respectively.
The initial, train data are used in training
the model. Whereas, the latent, test data are
used in the model validation or in testing
the respective model. The data will be
separated in the ratios of 80:20 for train
and test data, respectively.
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CNN-based Dual-Directional Model

e ee

Fig. 2. [Illustration of proposed CNN-based
dual-directional model.

3.3 Proposed regression — CNN based
dual directional model

In the proposed CNN based Dual Di-
rectional Model, after the train and test split,
the obtained data is fetched into the convo-
lution layer where the CNN model is used
to extract the Bitcoin and Ethereum. Sub-
sequently, it is processed by the BILSTM
layer where the model is trained by the local
features that are extracted from CNN with
the intention to learn the inner vibrant vari-
ation form. Hence, BILSTM with CNN is
used for learning the bidirectional serial fea-
tures from the information of features which
are extracted against CNN layer and com-
pletely achieve the long-term structures of
the instance data aimed at learning which
eventually helps in better price prediction of
crypto values. Furthermore, assigning dif-
ferent weights based on the different fea-
tures assists with discarding the irrelevant
information for improving the efficacy of
the information processing via differenti-
ated weight assignment and aids in solving
the issues associated with information loss,
which can be caused by long sequences in
the BiLSTM model. Finally, the output ob-
tained in the previous step is passed via a
dense layer in the CNN model. The dense
layer is considered as a simple layer of neu-
rons, herein each neuron gets input from all
other neurons of the existing layer, and it is
expressed in Fig. 2.
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Fig. 3. Architectural diagram of LSTM model.

From Fig. 3, the memory storage unit
of LSTM comprises the forget gate, the in-
put gate, and the output gate. The forget
gate processes the previous layer’s output,
choosing important data and removing un-
necessary information. The input gate as-
sesses the significance of data and modifies
the unit’s state based on crucial information.
The output gate decides which unit status
can be passed to the next layer’s unit. Forget
gate can be stated by Eqs. B.1-3.3 in [32]:

re =0 (M, - [h-1,a] +a,), (3.1
ki =0(M;-[hi—1,a:] +a;j), (3.2)
C: = (Mc - [h-1,a] +ac).  (3.3)

Now, a unique unit status /s,_; is updated
towards h;, and it is given in Eq. B.4.

Dl =I’t><Dt_1+ktX5t. (34)

The output gate regulates the out-
put over the sigmoid function that is stated
through the ensuing Eq. B.3.

0y = O-(Mo[ht—l’ at] + b()), (35)

hy = 0y X ¢(Dy). (3.6)

Fig. 4 shows the attention based BiL-
STM network toward powerful prediction
of price after historical data. Here, the en-
hanced BiLSTM and AM model evaluate
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Fig. 4. Graphical representation of Bi-LSTM
architecture.

prevailing exploration difficulties that de-
pend on progressive feature classification
with forecasting. The evaluation of the for-
ward LSTM (first hidden layer) along with
the backward LSTM (second hidden layer).

3.3.1 Forward LSTM (First hidden
layer)

Jx =0_(MI[Qx—1aax] +pj)’ (3.7)
my =0 (Mp[qx-1,ax] + pm), (3.8)
Ox = O-(MO [QX—l, ax] +P0) (3.9)

d~x=17(M:[gx-1,ax]+pc) (3.10)
dy=myocx_1+jroc~t (3.11)
Fx=0x07(cy). (3.12)

3.3.2 Backward LSTM (Second
hidden layer)

Jx =ocW;lgxa,ax] +p;), (3.13)

my = 0(Mpu[gxs1, ax] + pm), (3.14)
ox =0 (My[gx+1,ax] + po), (3.15)

d~x=1(Mc[qxs1,ax] +pc), (3.16)
dy=myodyy+jrod~x, (3.17)

Gr=o0x07(cy). (3.18)

Whereas, jt, ft, and ot are utilized to sig-
nify three gates, a sigmoid function (o), a

tangent function (7), and Hamdard product
(0); the weight metrics are Mm, Mo, Mc,
and Mc. The gt1 and gt + 1 signify
the former and upcoming hidden states,pi,
pf, po, pc means the bias vector, d ~ x sig-
nifies the candidate value, df shows the cell
state, while dt1 and dt + 1 shows the former
and upcoming state of the cell.

3.3.3 CNN-BiLSTM architecture

The proposed model takes the input
data that can be in the form of sequential
data. Where, the CNN part is utilized to
extract high-level features against the input
data. Besides, the CNNs contain multiple
convolutional with pooling layers, which
learn to perceive patterns and features in the
input data. After that, the output from the
CNN layers is handed to a BiLSTM net-
work which can capture long-term depen-
dencies in sequential data. Moreover, the
bidirectional feature permits the model to
aspect at the input data both forwards and
backwards, by refining the model’s capac-
ity towards the reorganization of the input
data. Finally, the output from the BILSTM
network is utilized for regression and it is
shown in Fig. 5.

Fig. 5, shows that BiLSTM is an
RNN variant that may resolve the gradient
vanishing problem by integrating a pass se-
lection procedure as in Eq. B.19.

di =0 (Mg X [pr-1x:] +ay), (3.19)
Jt=0M X [pi-1x:] +a;), (3.20)
D, =M x [p-1x]) +ac),  (3.21)
Dy=d; xD;_1+j; XDy, (3.22)
72 =0 (W X [pr-1xe] +by),  (3.23)
pr =2 X¢(Dy), (3.24)

where the input at the time (¢) is given by
x; indicates, the implied state of layer on
preceding instant(p;_1), D;_1 reveals the
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Fig. 5. Framework of CNN-BiLSTM architecture.

memory state in the former moment, Det
remains as a transitory state of memory at
instant ¢, along with ft, jt, Dt controls the
magnitude of data formed in gates, along
with memory part. M signifies the weights
along with biases utilized in the training
process.

Additionally, the related data is ac-
quired in the chronological statement of
complete input and BiLSTM incorporates
the data in ways and functions and it is given
in Eq. (3.14).

B
Pt = LSTM(pt—].xt’Ct—].)at € [1’Y]a

(3.25)
—
pr = LSTM (p;-1x:,¢-1),t € [1,Y],
(3.26)
Nl‘ = [ﬁaﬁ]
(3.27)

Here, p; specifies the forward layer’s
hidden state at the moment of z, p; remains
as the backward layer’s hidden state at (),
while N, indicates the BiLSTM’s hidden
state at time ¢.
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4. Results and Discussion

This section focuses on the results
and discussion during which the dataset de-
scription, EDA, performance metrics, per-
formance analysis, experimental results and
comparative analysis are discussed in de-
tail.

4.1 Dataset description

Crypto, short for cryptocurrency,
is a digital currency meant to be used
as a medium of exchange. It utilizes a
secure ledger system and strong cryptog-
raphy to record coin ownership, control
coin creation, and verify coin transfers.
According to a report from Crypto.com,
there were 106 million crypto users glob-
ally in January, with a 16% increase in
participants from the previous month. A
different study by financial advisory firm
deVere revealed that 70% of its clients
who were 55 and older had either invested
in digital currencies or were considering
doing so in 2021, even though digital cur-
rencies like Bitcoin are typically linked to
younger millennial investors. The dataset
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Fig. 6. Representation of data collected for pre-
diction.

link is provided in the following link:
https://www.kaggle.com/datasets/adityam-
haske/cryptocurrency-price-analysis-data-
set?select=BTC.csv

4.2 EDA

This section exploits the EDA for the
prediction of cryptocurrencies such as Bit-
coin and Ethereum. The dataset contains
the date of the cryptocurrency prices, the
open and closing prices with the respective
dates, the highest and lowest price with the
date, along with the volume of the cryp-
tocurrency. Fig. 6 illustrates the data that
are collected for price prediction.

Fig. 6 indicates the data collec-
tion for the year (2018-2023) which is uti-
lized for the price prediction of Bitcoin
and Ethereum cryptocurrency. The Bitcoin
price prediction during the open and close
state is specified in Fig. 7.

Fig. 7 shows the volume of the pre-
dicted price for the open and closed state of
Bitcoin between the years 2018 and 2023.
The graph indicates the variations in the
price prediction, and it reveals that the years
2021 and 2022 had the highest predictive
value when compared with the other years.
Fig. 8 delivers the plotted graph for the pre-
diction price for Bitcoin.

From Fig. 8, it can be seen that price
prediction is more at 1000 as well as in
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Fig. 7. Illustrates the volume of price prediction
at the open and close state of bitcoin for the year
(2018-2023).
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Fig. 8. Representation of price prediction of bit-
coin using plotted graph.

25000. Besides, some may be predicted at
60,000. The price prediction of Ethereum is
illustrated in Fig. 9.

Fig. 9 shows the volume of the pre-
dicted price for the open and close states of
Bitcoin during the years 2018-2023. The
graphical image considers variants in the
price prediction, and it shows that years
2021 and 2022 have a higher predictive



P. Pandey and G. Sharma | Science & Technology Asia | Vol.30 No.1 January - March 2025

EMH

kin 1l i il
Tl
ETH - Close
5000
—— Close

4000
3000
2000
1000

D T T T T T T

“&-\B .P\q 0 RS s *P”"'B

Date

Fig. 9. Illustrates the volume of price prediction
at the open and close state of eth for the year
(2018-2023).

value when compared with the other years.
Fig. 10 shows the plotted graph for the pre-
diction price for Ethereum.

From Fig.10, it can be seen that price
prediction is more at 1000 as well as in
25000. Besides, some may be predicted at
60,000.

4.3 Performance metrics

The performance metrics such as
Root Mean Square Error (RMSE), Mean
Square Error (MSE), Mean Absolute Error
(MAE) are described as follows.

4.3.1 Root Mean Square Error
(RMSE)

RMSE is one of the parameters used
in the evaluation of the quality of the predic-
tion made by the respective model. It repre-
sents the quantity of deviation from the ac-
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Fig. 10. Representation of price prediction of
eth using plotted graph.

tual measured true values, including the Eu-
clidean distance. This is represented using

Eq. B.1.

RMSE :\/

4.3.2 Mean Absolute Error (MAE)

MAE processes the average of the er-
rors’ degree among the projected along with
definite values. The formula of MAE is
given by:

N (Predicted — Actual)
5 .

“.1)

N
1 .
MAE =~} lyi=yi.  (42)
i=1

Here, n is the observation number, y; de-
notes the ith observation of the actual value
and y; represents the ith observation of the
predicted value.

4.4 Performance analysis
The performance of the LSTM, BIL-
STM and the proposed model is mea-



P. Pandey and G. Sharma | Science & Technology Asia | Vol.30 No.1 January - March 2025

sured by using performance metrics such as
MAE, MSE and RMSE value, and it is il-
lustrated in Fig. 11.
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Fig. 11. Performance of MAE for LSTM, BiL-
STM and proposed model for bitcoin.

Fig. 11 shows the train and test data
of the LSTM, BiLSTM and the proposed
model. Moreover, the MAE of the proposed
model shows that both the test and train con-
verge in the same manner.

Fig. 12 shows the performance of
MSE of LSTM, BiLSTM and the proposed
model. Here, the train and test data con-
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Fig. 12. Performance of MSE for LSTM, BiL-
STM and proposed model for bitcoin.

verge equally, whereas in LSTM and BiL-
STM both test and train data give the same
value.

The performance of RMSE of the
above models, such as LSTM, BiLSTM,
and the proposed model are given in Fig.
13. The train and the test data converge in
a linear manner and then it is found that the
proposed model works effectively.

Fig. 14 shows the train and test data
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Fig. 13. Performance of RMSE for LSTM, BiL-
STM and proposed model for bitcoin.

of the LSTM, BiLSTM and the proposed
model for Ethereum . Moreover, the MAE
of the proposed model shows that both the
test and train converge in the same manner.

Fig. 15 illustrates the performance
of MSE of LSTM, BiLSTM, and the pro-
posed mode for Ethereum. Here, the train
and test data converge equally, whereas in
LSTM and BiLSTM, both test and train data
give the same value.

The performance of RMSE of the
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Fig. 14. Performance of MAE for LSTM, BiL-
STM and proposed model for ethereum.

above models such as LSTM, BiLSTM and
proposed model for Ethereum are given in
Fig. 16. The train and the test data converge
in a linear manner and then it is found that
the proposed model works effectively. Ta-
ble 1 and Fig. 17 show the MAE, MSE and
RMSE values of LSTM, BiLSTM and the
proposed model for Bitcoin, which is one
type of cryptocurrency.

Table 1. Performance metrics of LSTM, BiL-
STM and proposed model for bitcoin.

Model MAE MSE RMSE
Lstm 0.019 0.0007 0.0249
Bi-Istm 0.024 0.0008 0.0317
Proposed 0.018 0.0005 0.0224
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Fig. 15. Performance of MSE for LSTM, BiL-
STM and proposed model for ethereum.

From Table 1 and Fig. 17, it is ob-
served that the proposed model has attained
higher results than the LSTM and BiLSTM
for the metrics, namely MAE, MSE, and
RMSE values. Moreover, its values are
0.018, 0.0005, and 0.0224. Table 2 il-
lustrates the MAE, MSE, and RMSE ob-
tained by the LSTM, BiLSTM, and pro-
posed model for the Ethereum cryptocur-
rency.
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Fig. 16. Performance of RMSE for LSTM, BiL-
STM and proposed model for ethereum.

Table 2. Performance metrics of LSTM, BiL-
STM and proposed model for ethereum.

Model MAE MSE RMSE
Lstm 0.018 0.0006 0.0247
Bi-Istm 0.021 0.0009 0.0315
Proposed 0.014 0.0005 0.0225

From Table 2 and Fig. 18, it is ob-
served that the proposed model has attained
higher results than the LSTM and BiLSTM
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Fig. 18. Performance metrics of LSTM, BiL-
STM and proposed model for ethereum.

for the metrics, namely MAE, MSE and
RMSE values. Moreover, its values are
0.014, 0.0005 and 0.0225.

4.5 Comparative analysis

The proposed model is compared
with the existing model for Bitcoin and
Ethereum cryptocurrency and it is discussed
in detail in the illustrative Table 3 and Fig.
19.

From Table 3 and Figure 19 [33], it is
perceived that the RMSE value of the pro-
posed model for Bitcoin is low when com-
pared with the RMSE value of the other pre-
vailing models. Hence, it is observed that
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Table 3. Comparison of RMSE value of pro-
posed model with conventional models for bit-
coin [33].

Model RMSE
ARIMA 43.954
Simple RNN 44.003
Facebook Prophet 805.169
GRU 43.998
LSTM 45.687
CNN-LSTM 47.537
Bidirectional LSTM 332.886
XGBoost 1477.181
IDCNN-GRU 43.933
Proposed 0.0225
Performance Metrics
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Fig. 19. Comparison of RMSE Value of Pro-
posed Model with Conventional Models for Bit-
Coin [33].

a lower RMSE value can provide a better
model and also be able to predict the val-
ues accurately. Besides, table 4 illustrates
the RMSE value of the conventional model
with the proposed model, and it is depicted.

Table 4 and Fig. 20 show the RMSE
values achieved by a proposed model and
the prevailing models. Moreover, from Ta-
ble 4, it is observed that a lesser RMSE
value can increase the efficiency of the pro-
posed model, and there is an occurrence
of accurate prediction. Besides, Table 5
and Figure 21 have illustrated the MAE
and RMSE values of the proposed model
with the classical model for Bitcoin and
Ethereum. The model has attained the min-
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Table 4. Comparison of RMSE value of pro-
posed model with conventional models for bit-
coin [33].

Model RMSE
ARIMA 3.516
Simple RNN 3.517
Facebook Prophet 157.046
GRU 3.512
LSTM 3.636
CNN-LSTM 3.516
Bidirectional LSTM 43.414
XGBoost 101.36
1DCNN-GRU 3.511
Proposed 0.0224
Performance Metrics
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Fig. 20. Comparison of RMSE Value of Pro-
posed Model with Conventional Models for
Ethereum [33].

imal values of MAE and RMSE.

From Table 5 and Fig. 21 [34], it
is seen that the MAE and RMSE values
of the proposed model for Bitcoin have at-
tained less value, and it is compared with
the MAE and RMSE values of the other
models. Henceforth, it is observed that
lower RMSE and MAE values deliver an
enhanced model and are also capable of
predicting the values more precisely. Be-
sides, the table illustrates the RMSE value
of the conventional model with the pro-
posed model and it is depicted.

Furthermore, Table 6 and Fig. 22 ex-
ploit MAE and RMSE values of the conven-
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Table 5. Comparison of MAE, RMSE Value
of Proposed Model with Prevailing Models for
Bitcoin [34].

Model MAE RMSE
ARIMA 172.681 253.051

RF 283.246 372.773

SVM 236.284 330.389
Informer 257918 333.124
AutoInformer 319.257 402.196
LSTM 193.817 275.958

GRU 180.501 260.502
EMD-AGRU-LSTM  181.721 223.556
VMD-ALL-AGRU  132.127 167.144
VMD-ALSTM-ADD 127.996 165.222
VMD-GRU-ADD 123.571 153.818
Proposed 0.018 0.0224
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Fig. 21. Comparison of MAE, RMSE Value
of Proposed Model with Prevailing Models for
Bitcoin [34].

tional model with the proposed model for
Ethereum.

Table 6 and Fig. 22 reveal that the
MAE and RMSE value is achieved by the
projected model and the prevailing model.
Furthermore, from the table, it is detected
that less significant MAE and RMSE values
can proliferate the efficacy of the model and
there is an existence of exact prediction.
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Table 6. Comparison of MAE, RMSE Value
of Projected Model with Prevailing Models for
Ethereum [34].

Model MAE RMSE
ARIMA 11.205 15.979
RF 12.089 17.751
SVM 12.35  18.549
Informer 19.666 24.685
AutoInformer 27.642 35.633
LSTM 16.126  23.129
GRU 14.054  20.062
EMD-AGRU-LSTM  6.269 8.238
VMD-ALL-AGRU 6.87 8.619
VMD-ALSTM-ADD  7.287 9.286
VMD-GRU-ADD 7.287 7.241
Proposed 0.014  0.0225
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Fig. 22. Comparison of MAE, RMSE Value
of Projected Model with Prevailing Models for
Ethereum [34].

Table 7. Comparison of MAE, RMSE Value
of Proposed Model with Prevailing Models for
Bitcoin [10].

Model MAE RMSE
Linear (BTC) 2.24 3.36
RF (BTC) 2.42 3.46
SVM (BTC) 2.98 4.25
Proposed 0.018 0.0224

Table 7 and Fig. 23 has exposed that
the proposed model has attained less MAE
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Fig. 23. Comparison of MAE, RMSE Value

of Projected Model with Prevailing Models for

Bitcoin [10].

0.018
0.0224

and RMSE value when compared with other
existing models for Bitcoin.

Table 8. Comparison of MAE, RMSE Value
of Proposed Model with Prevailing Models for
Ethereum[10].

Model MAE RMSE
Linear (ETH) 3.65 5.2
RF (ETH) 3.79 5.19
SVM (ETH) 3.71 5.28
Proposed 0.014 0.0225

Performance Metrics
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Fig. 24. Comparison of MAE, RMSE Value
of Projected Model with Prevailing Models for
Ethereum[10].

From Table 8 and Fig. 24, it is
inferred that the MAE and RMSE values



P. Pandey and G. Sharma | Science & Technology Asia | Vol.30 No.1 January - March 2025

of the proposed model for Ethereum have
achieved less value, and it is related with
the MAE and RMSE values of the conven-
tional models. Then, it is experiential that
lesser RMSE and MAE values provide an
enhanced model and are also capable of pre-
dicting the values more accurately.

5. Conclusion and Future Recom-
mendations

Significantly, predicting the price of
cryptocurrencies is highly speculative and
can be influenced by a variety of fac-
tors, including market sentiment, regula-
tory developments, technological advance-
ments, and macroeconomic trends. As a re-
sult, it was challenging to accurately fore-
cast the future value of any cryptocurrency.
However, ML techniques can provide in-
sights and predictions for cryptocurrency
price movements. The creation and execu-
tion of a dual-directional model using CNN
for predicting cryptocurrency prices have
displayed encouraging outcomes. By us-
ing convolutional neural networks trained
with historical price data, the model could
detect intricate patterns in the cryptocur-
rency market and accurately forecast future
price changes. Taking into account both
past and future price movements, the dual-
directional method improved prediction ac-
curacy by offering a holistic understanding
of market dynamics. Besides, the method
differentiates the model from conventional
price prediction techniques, providing a
more dependable forecast for traders and in-
vestors. While the model has performed
well in backtesting and validation tests, ad-
ditional research and testing are necessary
to evaluate its strength and applicability in
various cryptocurrency markets. Moreover,
enhancing the model’s predictive power and
efficiency could be achieved by integrating
supplementary features and data sources. In
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general, the dual-directional model based
on CNN signifies notable progress in cryp-
tocurrency price forecasting and has con-
siderable possibilities for use in trading, in-
vestment, and risk control. The advance-
ment of blockchain technology would rely
on advanced predictive models to assist
market participants in navigating the un-
predictable cryptocurrency market. In the
future, external factors such as macroeco-
nomic indicators, geopolitical events, and
regulatory changes will impact cryptocur-
rency prices and include these factors in
multiple prediction ensemble models.
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