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Abstract

The primary energy source worldwide is crude oil, which almost all countries use as an energy
source. Crude oil is key in driving the global economy, especially in the industrial and transportation
sectors. Due to the growth in technology, artificial intelligence techniques such as Bidirectional
Long-Term Memory (BiLSTM) that use past and future information to be more accurate can be used
to forecast crude oil prices. The objective of this study is to use BiLSTM with 57 test cases to forecast
global crude oil prices for one year based on the change of parameters such as activation function,
batch size, number of neurons, and sharing data. The BiLSTM model achieved the lowest MAPE
value of 0.09% and the optimal performance when the data splitting was 90:10, the number of
neurons was 100, the batch size was 4, and the activation function was ReLU. These imply that
BiLSTM can effectively forecast crude oil prices with precision. It is hoped that this study will be a
reference for developing more accurate crude oil price predictive models to be utilized by industry
and research for the coming years.
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Abstrak

Minyak mentah adalah sumber energi utama di dunia dan digunakan oleh hampir semua negara.
Perekonomian global secara signifikan didorong oleh minyak mentah, terutama di sektor
transportasi dan industri. Seiring perkembangan teknologi, prediksi harga minyak mentah dapat
dilakukan dengan metode kecerdasan buatan, salah satunya adalah Bidirectional Long Short-Term
Memory (BiLSTM), yang menggabungkan informasi masa lalu dan masa depan untuk
meningkatkan akurasi. Penelitian ini bertujuan untuk memprediksi harga minyak mentah dunia
selama satu tahun menggunakan BiLSTM dengan 57 skenario pengujian berdasarkan variasi
parameter seperti pembagian data, jumlah neuron, batch size, dan fungsi aktivasi. Hasil terbaik
diperoleh pada model BiLSTM dengan pembagian data 90:10, jumlah neuron 100, ukuran batch 4,
dan fungsi aktivasi ReLU, yang menghasilkan nilai MAPE terkecil sebesar 0.09%. Temuan ini
menunjukkan bahwa BiLSTM mampu memberikan prediksi harga minyak mentah dengan tingkat
akurasi tinggi. Penelitian ini diharapkan dapat menjadi referensi dalam pengembangan model
prediksi harga minyak mentah yang lebih akurat serta bermanfaat bagi industri dan penelitian di
masa depan.
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Introduction

Crude oil is the primary energy source in the world and is utilized by practically every nation
[1]. Crude oil is significant in propelling the world economy, particularly in the transportation and
industrial sectors. Crude oil is a naturally occurring yellow-black liquid beneath the Earth's surface.
It is the primary fuel for almost one-third of the world's energy consumption and the world's
primary energy source. Refined crude oil is also used to make petroleum products. Because of their
indisputable contribution to global warming, the use of fossil fuels like crude oil is declining in
popularity [2]. Many nations, both oil producers and consumers, are concerned about oil prices,
which frequently fluctuate significantly and have a significant effect on the economy [3]. Having
the ability to make correct crude oil price predictions is therefore crucial in helping nations with
policy decisions, economic planning, and controlling the effects of oil price volatility on economic
stability [4].

With the development of technology, more advanced techniques based on artificial
intelligence can be used to estimate crude oil prices [5]. Using data from January 2018 to August
2023, some studies use the Support Vector Regression (SVR) technique to forecast crude oil prices.
Crude oil provided the best results, with a MAPE value of 49.73%, which was considered sufficient
[6]. SVR has limitations in collecting complex patterns of time series data influenced by numerous
external variables, although it might yield excellent results. Therefore, processing increasingly
complicated temporal dependencies and modeling non-linear relationships require an increasingly
adaptive approach [7].

Using artificial neural networks, which can rapidly and precisely process and analyze historical
oil price data, is an effective technique. Bidirectional Long Short-Term Memory (BiLSTM) is one
form of artificial neural network technique [8]. Long Short-Term Memory (LSTM) technique was
developed into the BiLSTM technique, which employs both forward and backward LSTM
simultaneously to achieve maximum accuracy in processing sequence data by integrating past and
future information [9]. Input to output and output to input are used for the model training. BiLSTM
splits each unit into two units, where both have the same input but are connected to the same
output. Hence, BiLSTM gives the benefit of learning immense time series data [10].

Numerous research studies have confirmed the advantage of BiLSTM compared to other
prediction techniques. BiLSTM was the best in terms of prediction when compared to LSTM,
Autoregressive Integrated Moving Average (ARIMA), Support Vector Regression (SVR), and BiLSTM
models in financial prediction. The BiLSTM model outdid other approaches with the lowest Root
Mean Square Error (RMSE) of 0.6056 and the smallest Mean Absolute Percentage Error (MAPE) of
0.4482. Aside from that, BiLSTM's optimal goodness-of-fit value of 0.9967 demonstrated its
capability to identify intricate patterns in financial time series data effectively. Because economic
data commonly contains intricate temporal correlations, BiLSTM's edge is due to its ability to
consider bidirectional dependencies. BiLSTM gives a more general and robust strategy to time
series forecasting compared to SVR, which can falter at long-range connections, and ARIMA, which
hints at linearity [10].
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Based on GNSS-adjusted tide gauge (TG) vertical land movement (VLM) data, sea level rise
(SLR) was examined. A deep learning stacked BiLSTM model was developed based on input
oceanographic features pre-processed by SVMD and BRO. With >0.99 correlation values and
minimum error, the results show that the stacked BiLSTM possesses maximum accuracy compared
to AdaBoost, SVR, and MLR [11]. Besides, BiLSTM was superior to LSTM and RNN in studies on the
prediction of sea level rise with extended prediction coverage from 48 to 168 hours and accuracy
from 0.9665 to 0.9787 [12] cases. The current research compares BiLSTM with Support Vector
Regression (SVR), Autoregressive Integrated Moving Average (ARIMA), LSTM and Gated Recurrent
Unit (GRU). The BiLSTM gives the lowest error value with MAE 0.0070 and RMSE 0.0077. Past
studies indicate that BiLSTM works well in forecasting time series data patterns.

Based on the background and supported by previous research, this study aims to predict world
crude oil prices for one year using historical data with the BiLSTM method to produce more
accurate predictions related to daily movements in crude oil prices. In forming the best model, a
combination of parameters is used: data division, batch size, number of neurons, and type of
activation function. It is expected that the results of this study can provide a more accurate and
reliable prediction model in analyzing crude oil price trends, so that it can be used as a reference
in decision-making for the government, industry players, and investors in the energy sector.

Methods

The data in this study are daily data on world crude oil prices for 1 year from 2022 to 2023
obtained from investing.com [13]. The method used is one architecture of RNN, namely
Bidirectional Long Short-Term Memory (BiLSTM) which is a development of the LSTM algorithm
commonly used for deep learning problems [14]. BiLSTM processes sequential data with the use of
both future and past information. Since the use of forward and backward LSTM, BiLSTM is capable
of generating more accurate predictions such as crude oil price forecasts [10]. Figure 1 shows the
flowchart used in this research.
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The research stages based on the flowchart in Figure 1 are as follows:
1. Collecting raw data that will be used in the training and testing process.
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2. Performing data normalization to ensure uniform feature scaling and improve model training
stability.

3. Formatting the data into time series patterns to suit the needs of the BiLSTM model.

Divide the data into training and testing data with a ratio of 70:30, 80:20, or 90:10.

5. Training the BiLSTM model with the training data. The model uses a BiLSTM architecture
consisting of forward and backward layers at this stage. The training process is performed by
applying the parameters listed in Table 1, including the activation function, number of neurons,
and various batch sizes. During training, the model optimizes the weights and biases using ReLU
or Sigmoid activation functions to calculate forget gate, input gate, and output gate to produce
an optimal data representation.

6. Using test data to test the trained model, calculate predictions, and evaluate model
performance based on metrics such as MAE and RMSE.

7. Denormalize the prediction results to get the original value of the model results.

8. Evaluate the model by comparing the prediction results with actual data to assess the accuracy
and effectiveness of BiLSTM.

Data Normalization

Normalization is a method of performing linear transformation of the original data with the
output in the form of a of each variable in the same range, namely 0 to 1, so that when calculating
the similarity value, each variable tested gives the same level of importance or has the same
influence [15].

_ X 7 Xmin
Xnormalized = — (1)
Xmax Xmin
Information:
X = the data of each column
Xmin = the minimum value of data in each column
Xmax = the maximum value of data in each column

Time series pattern formation

This stage aims to organize data serially based on time series [16]. By looking at the correlation
between previous values (input) and expected future values (output), it is possible to predict future
trends based on historical data [17].

Data Splitting

The process starts with dividing time series data into training and testing data to examine the
model's generalization ability. The data is split at some ratio, i.e., 70:30, 80:20, or 90:10, where
most of the data is used to train the BiLSTM model. In contrast, the rest of the data evaluates the
model's prediction ability. This division ensures that the model is trained based on past data and
validated using data that has never been seen before.

Prediction modeling using the BiLSTM method

Bidirectional Long Short-Term Memory (BiLSTM) is a two-layer extension of the LSTM model
that functions simultaneously in opposite directions. The BiLSTM architecture is shown in Figure 2.
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Figure 2. Architecture of BiLSTM
The BiLSTM model formation step begins with the LSTM process shown in the following
equation [18].
fe = o(Wr.[he—1, x¢] + by) )

ft is the forget gate, where o is the default recurrent activation function of sigmoid, thich has
1

1+e~*"

weight and by is the forget gate bias. h; is is the output values in t. The model output at time t is

arange of [0,1] with the formula g (x) = Xt is the input value in order t, Wy is the forget gate

obtained from the previous model output, t-1. Equation (2) does not directly use the previous cell
state C;_4 as input, but instead computes a gating factor f;, which will be applied C;_; in Equation
(5) to determine how much of the previous memory should be carried forward.

iy = o(Wi. [he—1, xe] + by) @)

i; the input gate regulates how much new information should be written to the cell state.

Similar to the forget gate, it uses h;_4 and x; as inputs, and applies a sigmoid function. Equation
(3) produces the input modulation factor for the cell state update in Equation (5).

Ce = r(W. [he—1, x¢] + be) 4)

C; represents the candidate cell state, a new content vector proposed for addition to the cell

state. The function r(x) is a non-linear activation function, commonly ReLU r(x) = max (0, x) in

L_inthe range [0,1] [19]. Equation (4)

the range [0,0=] and Sigmoid with the formula r(x) =

1+e™*
computes potential new information to be integrated into the cell state.
Ct = ft-Ce—1 + it CTt )

C; is the updated cell state, calculated by combining the scaled previous state f; . C;_;with
the scaled new candidate state i;.C,. Equation (5) is the core of the LSTM memory mechanism,
determining what to forget and what to add to the cell memory.

0 = o(Wy. [he—q, xc] + bo) (6)

The bias value b, in the cell state, and o; is the output gate result with the bias value b,. The
final output of the hidden forward layer or LSTM process is at Ez o; controls how much the cell
state should influence the output hidden state. Like other gates, it is based on h;_, x; and passes
through a sigmoid activation. Equation (6) determines the visibility of the internal memory (cell
state) to the next layer or time step.

h_t) = 0;.1(Ct) (7

h7 the forward hidden state output at time t, obtained by applying an activation function r

(e.g., ReLU) to the current cell state C; and scaling it by the output gate o;. Equation (7) produces
the forward-direction output of the LSTM layer at time t.

;l—; = 0p.0(Cy) (8)
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In equation (8), )Tt is the final output value of the hidden backward layer. E is the backward
hidden state output at time t, where the cell state C; is passed through a sigmoid activation and
modulated by the output gate o;. Equation (8) is used for the reverse-time computation in BiLSTM,
capturing future context.

ye = Uyhy + Wyhy + b, €)]

The prediction result of the BiLSTM output gate is described at y;, the weight values U,, and

W, are at the output gate E and h_t v, is the final BiLSTM output at time t, computed by combining

the forward hidden state E)and backward hidden state h_t through weight matrices U,, W, and
bias b,,. Equation (9) integrates information from both directions of the sequence to produce the
prediction or representation for time step t.

Initially, the BiLSTM model is trained with the input training data. To ensure the effectiveness
of the model that has been built in the training stage, model testing is carried out using test data
[20]. The parameters tested in the development of the BiLSTM model are shown in Table 1.

Table 1. Parameters of Testing

Architecture Values
Data Splitting 70:30, 80:20, 90:10
Number of Neurons 25, 50, 100
Batch Size 4,16, 32
Activation Function ReLu, Sigmoid

Table 1 presents the parameters used in the testing phase of the BiLSTM model development.
The data splitting ratios (70:30, 80:20, and 90:10) indicate the proportion of training and testing
data, which is essential for evaluating the model’s generalization capability. The number of neurons
(25, 50, and 100) represents the complexity of the model in learning patterns from the data. The
batch size (4, 16, and 32) determines the number of samples processed before updating the model
weights, influencing the training stability and convergence speed. Two activation functions—RelLU
and Sigmoid—are also utilized to study their impact on model performance and optimization. These
activation functions are applied to the cell state candidate (C.), which lies within the input gate
pathway of the LSTM architecture, and directly influences how new information is integrated into
the memory cell.

Evaluation of prediction results with MAPE

Model evaluation aims to determine a forecasting method's error rate or to determine its level
of accuracy [21]. Model testing has many types, while this research utilizes a model testing, i.e.,
Mean Absolute Percentage Error (MAPE). MAPE is an error measurement that calculates the
percentage deviation between actual data and forecast data, with the smallest MAPE value
assumed to be the best method [22].

The formula for calculating MAPE is as in equation (10).
n

1 &
mape = =" 12 x 100% (10)
n 4 Vi
t=1
Information:
Vi = Actual data
i = sequence-i data
v, = Prediction data
n = Number of data

Interpretation of MAPE values as in Table 2:
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Table 2. Accuracy of MAPE Results

MAPE Values Prediction Accuracy
MAPE < 10% Very Good
10% < MAPE < 20% Good
20% < MAPE < 50% Fair
MAPE > 50% Poor

Data Denormalization

After the BiLSTM model performs the prediction process, the output results need to be
returned to their original scale through a denormalization process so that they can be compared
directly with the actual data [15]. The denormalization formula is:

X = Xpormatized- Xmax — Xmin) T Xmin

Where x is the value on the original scale, X, ormatizea iS the normalized prediction result,
Xmin @nd  Xp,a are the minimum and maximum values of the original data. With this
denormalization, the prediction results become more meaningful and can be evaluated accurately
against the actual value.

Results and Discussion
Data Collecting
This research uses world crude oil price data, with as many as 268 data points, for 1 year from
September 20, 2022, to September 20, 2023. Data on Saturdays and Sundays is empty because they
are holidays, so they are ignored. The data sample is shown in Table 3. Day 0 is the day the data
starts to be taken and day 268 is the day the last data is taken.
Table 3. Preprocessing Data

Day Price (S)
268 90.40
364 90.48
363 90.58
83.49
82.94
84.45

Data Normalization
Table 4: Data Normalization

Day Price ($)
365 0.91457
364 0.91766
363 0.92153
0.64746
0.62620
0.68457
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Table 4 shows the normalization results. The minmax normalization formula aims to reduce the
data range by converting the price values into a range between 0 and 1. This aims to help the
BiLSTM model converge faster during the training process and avoid numerical problems that may
arise when the data is extensive.

Formation of Time Series Pattern
Table 5. Formation of Prediction Data Series

Input Output
0.9145 0.9176
0.9176 0.9215
0.9215 0.9288
0.4638 0.6474
0.6474 0.6262
0.6262 0.6845

Table 5 is the result of time series pattern formation. The pattern is formed in the order {X;,
Xw1} where X is used as input data while X1 is the prediction output or target.

BiLSTM model building

Implementing the BiLSTM model in this study refers to the mathematical stages described
through Equations (2) to (9). To ensure this model is theoretically described and implemented, the
following shows the manual calculation process at the first three time steps as a real illustration of
applying the equations in forming model predictions.

In the process of forming the BiLSTM model, the first step begins with the calculation of Forget
Gate (f;) using Equation 2. Forget gate determines how much information from the previous state
cell (C¢_4) will be stored in the calculation process. The higher the f; value, the more information
is stored. Randomly initialize the weight value W £=[0.5,0.3], bias b;=0.2 at the forget gate. Initial
value of h;_; is usually set to zero (0) because there is no information from the previous step. In
the next iteration, the value of h;_; is obtained from the calculation of the previous hidden state.

Table 6. Forget Gate Calculation

t X, h;_4 Wf- [he-1, x¢] fe = o(Wr. [he_q,x¢] + by)
1 0.9145 0 (0.5x0) +(0.3x0.9145) =0.2743 0 (0.2743 +0.2) =0.6163
2 0.9176 0.12 (0.5x0.12) + (0.3 x0.9176) =0.3313 0 (0.3313 +0.2) =0.6295
3 0.9215 0.195 (0.5x0.195) + (0.3 x0.9125) = 0.3954 0 (0.5954 +0.2) =0.6443

Table 6 shows that the value of f; increases over time, indicating that the model retains more
information from the previous cell state as the iteration increases. Forget gate gives a value
between 0 and 1, indicating how much information from the last state cell should be retained.
Forget gate tends to have a value of 0.6, meaning that about 60% of the information from the
previous iteration is retained. The following calculation is performed from the input gate (i;),

candidate cell state (C,), cell state (C,), output gate (o,), hidden state forward (E), hidden state

backward (E), until final output (y;). Table 7 presents the results of the manual calculation for
each component. The weight and bias values used are randomly initialized for illustration purposes,
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and sigmoid and ReLU activation functions are used as per the functions in the equation. The weight
and bias values used in the manual calculation are summarized in Table 8.

In general, at the first time step (t = 1), the input gate (i; = 0.5825) indicates that 58.25% of the
new information from the candidate cell state will be integrated into the cell state, and the output
gate (0, =0.5925) indicates that about 59.25% of the cell state will affect the hidden state. A similar
trend is seen at time steps t = 2 and t = 3, where the percentage of retained and integrated values
is 58-64%, indicating that the model maintains a balance between retaining previous memory and
incorporating new information at each time step.

Table 7. The Results of the Manual Calculation

Time f: i C, C, 0, h, h, Ve

(t)

1 0,6163 0,5825 0,4658 0,2714 0,5925 0,1608 0,3362 0,4479
2 0,6295 0,5909 0,5390 0,4894 0,6071 0,2971 0,3763 0,5714
3 0,6443 0,6019 0,5856 0,6519 0,6157 0,4014 0,4048 0,6643

Table 8. The Weight and Bias Values Used in the Manual Calculation

Component Weight Bias Activation
Function
Forget gate (f;) [0.5; 0.3] 0.2 Sigmoid
Input gate (i;) [0.4;0.2] 0.15 Sigmoid
Candidate cell state (C,) [0.6; 0.4] 0.1 RelU
Output gate (0,) [0.5; 0.3] 0.1 Sigmoid
Output layer (y,) U,= W,=0.7,b,=0.1 0.1 RelU dan Sigmoid

After this manual calculation, the following process becomes more complex as it has to perform
iterations for each data point in the time series. Therefore, the next stage is done automatically
with the help of Python software using the TensorFlow and Keras libraries. In the training stage,
the BiLSTM model is trained using training data that has been normalized and formatted into time
series patterns according to the BiLSTM input structure. During this process, backpropagation
through time is performed, where the weights and biases in each layer are gradually updated using
optimization algorithms, that is Adam, to minimize the loss function value.

The next step after the model has been trained is a testing phase using test data previously
separated from the training data. The prediction process is carried out on the test data, and the
prediction results obtained are then denormalized so that the values can be returned to the original
scale. This phase is necessary to compare the prediction findings directly with the real data. Lastly,
the accuracy of the generated predictions is assessed by utilizing the Mean Absolute Percentage
Error (MAPE) measure to evaluate the model's performance.

Model Evaluation

Table 9: The Results of Model Testing

Data splitting Number of neurons Batch Size Activation Function MAPE (%)
4 RelLu 0.56
70:30 55 Sigmoid 0.49
RelLu 1
16 - -
Sigmoid 3.77
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Data splitting Number of neurons Batch Size Activation Function MAPE (%)
Relu 2.79
32 - -
Sigmoid 3.9
4 Relu 0.34
Sigmoid 0.93
ReLu 0.56
50 16 - -
Sigmoid 0.95
ReLu 2.29
32 - -
Sigmoid 3.45
4 ReLu 0.29
Sigmoid 0.31
ReLu 0.36
100 16 - -
Sigmoid 0.68
Relu 1.89
32 - -
Sigmoid 4.43
4 Relu 0.37
Sigmoid 0.41
Relu 1.12
25 16 - -
Sigmoid 4.81
ReLu 3.93
32 - -
Sigmoid 4.79
4 ReLu 0.3
Sigmoid 0.45
80:20 Relu 0.42
50 16 - -
Sigmoid 4.74
Relu 2.35
32 - -
Sigmoid 3.67
4 RelLu 0.18¢
Sigmoid 1.11
RelLu 0.31
100 16 - -
Sigmoid 2.78
RelLu 1.07
32 - -
Sigmoid 2.09
4 RelLu 0.48
Sigmoid 0.3
RelLu 0.52
25 16 - -
Sigmoid 1.76
RelLu 1.59
90:10 32 - -
Sigmoid 6.08
A Relu 0.18°
Sigmoid 0.69
50
ReLu 0.37
16 ——
Sigmoid 1.88
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Data splitting Number of neurons Batch Size Activation Function MAPE (%)
Relu 1.87
32 - -
Sigmoid 5.94
4 RelLu* 0.09¢
Sigmoid 0.19°
ReLu 0.32
100 16 - :
Sigmoid 1.51
ReLu 1.11
32 - -
Sigmoid 2.17

The results of testing the model with different data splitting, neuron count, batch size, and
hidden layer activation function are shown in Table 9. The 70:30, 80:20, and 90:10 data divides are
utilized. The findings indicate that the activation function, batch size, and neuron count all
significantly impact the model's performance. The model with 25 neurons using Sigmoid activation
generated a lower error rate than Relu activation at a 70:30 data split. Nonetheless, a setup like
100 neurons with Relu activation at a 90:10 data split can deliver outstanding performance with a
MAPE of 0.09 and is the best model result in these 57 tests. Therefore, optimal parameter selection
and model sensitivity to changes in data split are crucial to achieving accurate and reliable model
predictions.

The Sigmoid function generally produces higher MAPE than the RelU activation function,
particularly when bigger neurons are used in parameter combinations. This implies that RelLU
rather than Sigmoid would work better in this situation. Furthermore, models with a small batch
size (e.g., 4) and more neurons (e.g., 100 neurons) appear to produce improved prediction
accuracy. This suggests that the model's performance can be enhanced and its prediction accuracy
increased by employing lower batch sizes and additional neurons.

Crude il Price Prediction Crude 0l Price Prediction
split: 90:10, Neurons: 100, Batch: 4, Activation: sigmoid Split: 90:10, Neurons: 50, Batch: 4, Activation: relu

— actual
0 - =~ predicted @

P
1
]
i
i
]

n
20220820 2022:09-27 2022-10-04 2022°10-11 2022-10-18 202210-25 2022.09.20 2022-09-27 20221004 20221011 20221018 20221025
te

(a) (b)

Crude Oil Price Prediction Crude Gil Price Prediction
: 80:20, Neurons: 100, 4, : rel )
Split: 80:20, Neurons; 100, Batch: 4, Activation: relu Split: 90:10, Neurons: 100, Batch: 4, Activation: relu

— Actual
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Price

2022-09-202022-09-272022-10-042022-10-112022-10-182022-10-252022-11-012022-11-082022-11-15202211-222022-11-29 2022:09:20 2022:09-27 20221004 2022-10-11 20221018 2022-10-25
Date

(c) (d)

Figure 2. Plot of testing results with the four best models (a) Split: 90:10, Neurons:
100, Batch size: 4, Activation: sigmoid (highest MAPE), (b) Split: 90:10, Neurons: 50, Batch
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size: 4, Activation: relu, (c) Split: 80:20, Neurons: 100, Batch size: 4, Activation: relu, (d) Split:
90:10, Neurons: 100, Batch size: 4, Activation: relu (lowest MAPE)

The four models with the lowest MAPE value are shown in Figure 2, where the order from (a)
to (d) is from the largest to smallest MAPE. In general, all the models can track fluctuating trends
of actual prices well. The differences between the four models' forecasts are not graphically
sensational, yet it is observable that the model in sub-figure (d)-with 90:10 split configuration data,
100 neurons, batch size 4, and RelLU activation function-forecasts the greatest similarity with the
actual price trend.

As shown in Table 10, the comparison of MAPE values in other studies is used to evaluate the
advantages and disadvantages of the model proposed in this study and to see the extent of the
improvement in accuracy achieved compared to previous methods. The studies used for
comparison all focus on predicting world crude oil prices, so they are relevant in assessing the
performance of the BiLSTM model developed in this study.

Table 10: Comparison with Other Research

Year Method MAPE (%)
2018-2023 SVR [6] 49.73
1987-2017 Combination ARIMA [24] 0.2597
2001-2021 ARIMA-Artificial Neural Network (ANN) [25] 13.95
2009-2022 Naive Bayes [26] 0.9463

Our Research BiLSTM 0.09

Based on Table 7, the BiLSTM method in this study shows the best performance with a MAPE
value of 0.09, much smaller than other methods such as SVR (0.4973), ARIMA (0.2597), and Naive
Bayes (0.9463). This shows that BiLSTM is superior in capturing complex historical crude oil price
data patterns. Further, the ARIMA-ANN combined methodology yielded a MAPE value of 13.95 due
to its inadequacy in coping with more complex non-linear trends. Subsequent studies of oil price
forecasting may also explore hybrid frameworks combining BiLSTM with statistical methods such
as ARIMA or other deep networks to improve forecasting performance, as implied by prior
investigations. Also, suppose the external variables, like OPEC production, world oil inventories,
and macroeconomic variables like inflation and interest rates, are included in the model. In that
case, it can better capture the direction of crude oil prices.

Conclusion

Using 57 tests, the present study forecasts crude oil prices from September 2022 to September
2023. The best MAPE of 0.09% is obtained using BiLSTM with a 90:10 data split, ReLU activation,
10 neurons, and batch size 4. These findings confirm that BiLSTM is a precise predictor of oil prices
and can be a trusted source of knowledge for investors and the energy sector. However, this study
has limitations because it has not considered external variables such as OPEC production levels,
global oil reserves, and macroeconomic factors, which could impact oil prices. Therefore, future
research can combine external variables or use a hybrid approach with other methods to improve
prediction accuracy. The contribution of this research to society is to provide insight into the
utilization of artificial intelligence in crude oil price analysis, which can be a reference in economic
and business decision-making.
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