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Abstract 
There is no doubt that economy is of central importance at the present time. A strong economy 

is considered a fundamental asset of the strength of countries. Therefore, analyzing and 

predicting economy-related time series is necessary. In this paper, we use artificial neural 

networks, which are considered one of the most successful machine learning techniques, in the 

field of stock market price prediction. Long short-term memory (LSTM) network is chosen for 

this task as it is characterized by the ability to retain information for a long period of time and 

eliminate unimportant information, which reduces the effect of fading that traditional neural 

networks suffer from. Autoregressive integrated moving average (ARIMA) model has the 

ability to deal with temporal data that contains upward or downward trends, which makes it 

useful in analyzing financial data that are affected by temporal factors. However, as indicated 

in our case study of TESLA daily stock prices in the period from 2010 to 2020, LSTMnetwork-

based predictions are more accurate than those obtained using the fitted ARIMA model.  
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1. Introduction 

A time series is a set of data that depends on time. 

These data can be collected at regular or irregular time 

intervals. If the series has a specific pattern, then any 

value in the series must be a function of previous 

values. Time series models differ in the way they 

predict future values based on the current and previous 

values. There are now many ways to collect and 

analyze time series data [1]. The issue of forecasting is 

considered one of the most difficult and important 

problems that time series analysts must address. The 

performance and accuracy of the predicted data vary 

according to the type of data. The analysis is also 

affected 

by unexpected events and changes in the structures 

from which information is collected. There is a large 

amount of research on forecasting models, and studies 

indicate that there are two categories of methods, 

including statistical methods and machine learning 

methods [2].  

The ARIMA model is one of the most important and 

most widely used time series models, as the model 

involves a variety of exponential smoothing 

techniques. ARIMA models are versatile as they 

combine a variety of time series models, including an 

autoregressive (AR) model, and moving average (MA) 

model together with a differencing mechanism. The 

main drawback of such traditional models collectively 

is the 

assumed linear form of the model [3]. The study in [4] 

indicated that ARIMA is a useful technique for 

evaluating broad changes in market prices and the 

government can use ARIMA to predict inflation. 

Another type of model is based on deep learning. A 

commonly used deep learning model for time series 

prediction is the long short-term memory (LSTM) 

model. It is suitable for modelling time series data such 

as stock prices. It is a type of recurrent neural network 

(RNN). Although traditional RNNs can learn the 

sequential relationships in data, they suffer from the 

problem of inability to learn long-term dependencies. 

Consequently, scientists developed the LSTMmodel to 

improve it. The gating mechanism in the cache unit of 

an LSTMmodel can adjust the long-term memory in a 

timely manner according to the current input and 

historical information [5].  

With the focus on ARIMA and LSTMmodels for time 

series forecasting, many works in literature have 

utilized these powerful models for price forecasting [5, 

6, 7, 8]. Comparative studies including the ARIMA 

and/or the LSTMmodels are presented in [5, 6, 7]. In 

[5] both the ARIMA and LSTMmodels are used to 

forecast the Google stock price. In this work the 

models’ parameters are adjusted for the best accuracy 

performance measured in terms of mean squared error 

(MSE), mean absolute error (MAE), and root mean 

squared error (RMSE). The study results in the 

superiority of the LSM model over the ARIMA model. 

In [6], the Bursa Malaysia’s closing prices are 

predicted during the COVID-19 crisis. The ARIMA, 

LSTM, and 

a neural network with lag values fed as input are used 

in prediction. The compared models are evaluated in 

terms of RMSE and mean absolute percentage error 

(MAPE). The study concludes that the LSTMmodel 

has higher accuracy than the other related models. In 

[7], the LSTMmodel is also used to predict US stocks 

in (2016) and compared it to the BP neural network 

and the traditional RNN. The study confirms that the 

LSTMmodel has a higher accuracy in prediction. In 

[8], the superiority of the LSTMmodel is emphasized 

as it overcomes the limitations of the recurrence neural 

network models when dealing with large datasets. In 

this study, the HIK Vision stock price is taken as a case 

study. Moreover, wavelet denoising is used in data 

preparation step. 

In general, the use of machine learning approaches in 

predicting stock prices plays an important role for their 

accuracy as indicated in the review study in [9]. This 

study performs a comparison between the different 

prediction techniques of traditional machine learning 

techniques, e.g., support vector machine (SVM), 

Deep-learning techniques, e.g., LSTM, time series 

techniques, e.g., ARIMA, and graph-based techniques. 

From this study the LSTMmodel showed remarkable 

accuracy compared to other models including the 

ARIMA model. The LSTMmodel works well with the 

non-linear time series and requires high training time 

and memory. However, the ARIMA model provide 

good results for linear data and provide good 

predictions for the short term. 

In this paper, we focus on adjusting the data 

representation and pre-processing, as well as 
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optimizing the parameters involved in both the 

ARIMA model and LSTMmodel. We will proceed in 

the paper as follows, examining the structure of the 

two models, the mechanism of their work, how to 

adjust the parameters for each model, then a practical 

application to predict TESLA stock prices using the 

two models, and finally evaluating the accuracy to 

choose the best model. The objectives of this study are 

summarized as follows:  

1. Utilizing the LSTMand ARIMA models in the case 

study of forecasting TESLA daily stock prices. 

2. Optimizing the models’ parameters for the best 

accuracy.  

3. Applying the wavelet transform as a pre-processing 

step to enhance the prediction accuracy. 

The rest of this paper is organized as follows. The 

second section discusses our methodology used in 

forecasting. Section 3 includes the description and 

analysis of the data set used in our experiments. 

Additionally, the pre-processing of the data required to 

obtain more accurate results is described. The pre-

processing processes considered include 

normalization and wavelet transform to get rid of the 

noise in the data. The fourth section presents the 

parameters of the models that are used in our 

experiments, in addition to evaluating the results 

obtained based on the root mean square error measure. 

2. Materials and methods          

In this section, we present the general framework for 

time series prediction. Next, we review the necessary 

background of the two models used in our study of 

forecasting stock prices.  

2.1. General methodology for time series prediction 

Various time series forecasting models share a 

common methodology. The first step depends on 

gathering previous historical data from different 

available resources. In the second step, the collected 

data is analyzed. This analysis proceeds to determine 

the trends and the stationarity properties of the time 

series under study. In the third step, an appropriate 

model is selected and then its parameters are estimated 

to provide the best fit to the available data. Finally, the 

accuracy of the model is evaluated. Various measures 

of accuracy can be employed such as the mean squared 

error or any another statistical test. The resulting 

model can then be used for actual prediction.  A block 

diagram for this general methodology is shown in 

Figure 1.  

 

 

2.2. Long short-term memory network (LSTM) 

Traditional RNNs suffer from the problem of 

vanishing/exploding gradient. Learning long-term 

dependencies is also problematic to classical RNNs. 

LSTM networks have emerged to solve both problems 

[10]. The LSTM model main objective is to impose 

control over the process of learning long-term 

dependencies and prohibiting any negative effect on 

the quality of the learnt model. LSTM employs gates 

to aid it to remember the most important information. 

The cell structure lies at the heart of the LSTM 

network operation. It can be used to keep information 

without changing it. The status cell can also carry 

changes to the information through a group gates. The 

gates are in the form of a set of neurons that end with 

a sigmoid function and a set of positive multiplication 

operations. The LSTM network contains three kinds of 

gates to control the cell state. The operation of these 

gates is summarized in the following steps [11-12]. 

The components of an LSTM network memory cell are 

depicted in Figure 2. 

 

Figure 2: LSTMmemory cell architecture [13] 

Figure 1: General methodology block diagram 
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The first step is to decide on which information to be 

forgotten and that to be kept. This process takes place 

within the layer of the sigmoid activation function. 

This layer is called the forgetting layer. 

 

𝑓𝑡 = 𝜎(𝑊𝑓 . [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)       (1) 

where 𝑊𝑓𝑎𝑛𝑑 𝑏𝑓 respectively denote weights and 

biases of the forgetting gate and 𝜎 denotes the sigmoid 

function. 

The second step proceeds to identify the information 

that should be stored in the status cell and involves two 

sub-tasks: determining the value to be changed 

(𝑖𝑡) and forming a vector of new values 𝐶𝑡̃ as depicted 

in the following equations. 

𝑖𝑡 = 𝜎(𝑊𝑖 . [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)          (2) 

𝐶𝑡̃=Tanh (𝑊𝑐 . [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐        (3) 

where 𝑊𝑖and 𝑊𝑐represent the associated weights, 

while 𝑏𝑖 and 𝑏𝑐 represent the corresponding biases. 

The third step modifies the value of the previous state 

cell 𝐶𝑡−1 to its new value 𝐶𝑡, where we multiply the 

value of the old state by 𝑓𝑡  then add  𝑖𝑡 ∗ 𝐶𝑡̃  to the 

new value as given in the following equation. 

𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶𝑡̃           (4) 

The fourth step determines the final output, which is 

based on the output of the state cell 𝐶𝑡 as in equations 

(5) and (6). 

    𝑜𝑡 = 𝜎(𝑊0. [ℎ𝑡−1, 𝑥𝑡] + 𝑏0)        (5)                         

ℎ𝑡 = 𝑜𝑡 ∗ tanh(𝐶𝑡)                    (6) 

where 𝑊0  and 𝑏0 represent weight and biases of the 

out put gates and  ℎ𝑡 acts as the output value of the 

present cell. 

Deep LSTMs can be constructed by stacking multiple 

LSTMlayers vertically, with the output sequence of 

one layer forming the input sequence of the next (in 

addition to recurrent connections within the same 

layer), as shown in Figure 3. 

 

 

 

 

 

 

 

 

 

 

 

The operation of LSTM model for forecasting time 

series data is depicted in Figure 4 [14-15]. 

 

 

2.3. Autoregressive Integrated Moving Average 

Model 

An autoregressive integrated moving average (or 

ARIMA) model is an advanced statistical model that 

is commonly employed to either provide a better 

understanding of time series data or to anticipate future 

trends[16]. It is a kind of regression model that 

Figure 3: Deep LSTMnetwork [13] 

Figure 4: Block diagram of LSTM operation for predicting 

time series data [14] 
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describes the impact of one dependent variable in 

terms of other variables representing previous values 

within the same time series. The model target is to 

forecast future changes by examining the differences 

between the values in the series instead of through 

actual values. ARIMA is comprised of three 

constituents [17]: 

• Autoregression (AR): Autoregressive models 

analyze the history of the values in the dataset to 

make predictions about future values using 

assumptions about the relation between these past 

values and the current value. 

• Integrated (I): The integrated component of the 

ARIMA model applies differencing steps to the 

data to transform it into a stable or stationary series. 

• Moving Average (MA): The moving average 

ingredient of the ARIMA model considers the 

previous and current values of lagged variables to 

settle on the value of the output variable.   

A standard notation for an ARIMA model is 

ARIMA(p, d, q) involving three key parameters, 

which are p, d, q that assume positive integer values. 

These parameters are described as follows [18]: 

p: It is the number of lag observations in the model, 

referred to as the lag order, whose value is identified 

by analyzing the partial correlation function (PACF). 

This parameter represents the autoregressive terms 

number. 

d: It is the number of times the actual observations are 

differenced; that is, the number of times the 

differencing operation is applied to accomplish 

temporal stability). 

q: It represents the order of the moving average part of 

the model, whose value is identified by analyzing the 

partial correlation function. 

The first step in constructing an ARIMA model is 

achieving stability of the time series; that is, 

converting the series into a stationary one. A time 

series yt is said to be stationary if it fulfills all of the 

following characteristics[19]: 

E (𝑦𝑡) = 𝜇𝑦 for all t (mean is the same at every period) 

var ( 𝑦𝑡) = 𝜎𝑦
2  for all t (variance is same at every 

period). 

Cov(𝑦𝑡 , 𝑦𝑡−𝑘) = 𝛾𝑘  for all t ( autocovariance  with 

respect to a particular lag is the same all the time) 

It is common that a non-stationary series can be 

transformed into a stationary one if differencing is 

applied. For example, 𝑦𝑡 = 𝑦𝑡−1 + 𝜀𝑡   can be non-

stationary, but  𝑤𝑡 = 𝑦𝑡 − 𝑦𝑡−1 is stationary. Let ∆ be 

the difference operator and B the backward shift (or 

lag) operator such that:  

 ∆𝑦𝑡 = 𝑦𝑡 − 𝑦𝑡−1  and 𝐵𝑦𝑡 = 𝑦𝑡−1 . Thus, ∆𝑦𝑡 =

𝑦𝑡 −  𝐵𝑦𝑡 = (1 − 𝐵)𝑦𝑡  and ∆2𝑦𝑡 = (1 − 𝐵)2𝑦𝑡 . In 

general, the 𝑑𝑡ℎ order difference can be written as: 

∆𝑑𝑦𝑡 = (1 − 𝐵)𝑑𝑦𝑡         (7) 

The number of times the raw series must be subjected 

to the differencing operation in order to accomplish 

stationarity is called the order of integration denoted 

by (d), as discussed above. The differenced series has 

𝑛 − 1  observations after taking the first difference, 

and 𝑛 − 𝑑  observations after taking (d) differences, 

where 𝑛 is the number of observations in the original 

time series. In practical scenarios, it is common that 

the first or second difference are sufficient to achieve 

stability. This can be attributed to the fact that 

residuals data generally are close to being stable.  

An ARIMA model with parameters (p, d, q) has 

predictive equations [20] that can be expressed as in 

equations (8)-(10): 

Autoregressive model of order (AR(p)): 

𝑦𝑡 = 𝛿 + ∅1𝑦𝑡−1 + ∅2𝑦𝑡−2 + ⋯ + ∅𝑝𝑦𝑡−𝑝 + 𝜀𝑡   (8) 

𝑦𝑡 depends on its (p) previous values. 

Moving average model of order (MA(q)): 

𝑦𝑡 = 𝛿 − 𝜃1𝜀𝑡−1 − 𝜃2𝜀𝑡−2−. . −𝜃𝑞𝜀𝑡−𝑞 + 𝜀𝑡       (9) 

𝑦𝑡 depends on its (q) previous random error terms. 

If 𝑦𝑡  is of integral order (d), we write 𝑦𝑡~𝐼(𝑑). Thus, 

𝑦𝑡  becomes a stationary series after a   𝑑𝑡ℎ  order 

differencing, ∆𝑑𝑦𝑡  is represented by an ARMA(p,q) 

model.  

Then, we say that 𝑦𝑡  is an ARIMA (p, d, q) process 

that is: 
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𝑦𝑡 = 𝛿 + ∅1𝑤𝑡−1 + ∅2𝑤𝑡−2 + ⋯ . +∅𝑝𝑤𝑡−𝑝 −

𝜃1𝜀𝑡−1 − 𝜃2𝜀𝑡−2 − ⋯ − 𝜃𝑞𝜀𝑡−𝑞 + 𝜀𝑡    (10) 

where (1 − 𝐵)𝑑𝑦𝑡 = 𝑤𝑡 

As stated above, the basic step in fitting a suitable 

ARIMA model is to make sure that the series is stable 

and this is achieved by analyzing the autocorrelation 

function (ACF) and the partial autocorrelation 

function (PACF), where the autocorrelation function 

measures the relationship between 𝑦𝑡  and 𝑦𝑡−𝑘 for 

different values of k (lags). If 𝑦𝑡  is related to 𝑦𝑡−1 , 

then 𝑦𝑡−1  is related to 𝑦𝑡−2.  ACF mathematical 

formula [21] is given by equation (11):  

 

𝑟𝑘 =
∑ (𝑦𝑡−𝑦̅)(𝑦𝑡−𝑘−𝑦̅)𝑛

𝑡=𝑘+1

∑(𝑦𝑡−𝑦̅)2  ,  𝑘 = 1,2,3 …   (11)                            

where  𝑦̅ =
∑ 𝑦𝑡

𝑛
𝑡=1

𝑛
. 

The partial autocorrelation function measures the 

relationship between 𝑦𝑡  and 𝑦𝑡−𝑘 after removing the 

effects of lags it is given mathematically as: 

                                   𝑟𝑘𝑘 =
𝑟𝑘−∑ 𝑟𝑘−1,𝑖

𝑘−1
𝑖=1 𝑟𝑘−𝑖

1−∑ 𝑟𝑘−1,𝑖
𝑘−1
𝑖=1 𝑟𝑖

     

For instance, 𝑟11 = 𝑟1   and  𝑟22 =
𝑟2−∑ 𝑟2−1,𝑗𝑟2−1

1−∑ 𝑟2−1,𝑗𝑟𝑗
 =  

𝑟2−𝑟11∗𝑟1

1−𝑟11∗𝑟1
 

The process for choosing the best ARIMA model to be 

fitted to a given time series is summarized in Figure 5. 

 

                  Figure 5: ARIMA model fitting process [22] 

3. Time Series Dataset: Description, Analysis and 

Pre-processing 

In our experiments, we use TESLA daily stock prices 

data from 2010 to 2020 downloaded from 

(https://www.kaggle.com/datasets/timoboz/tesla-

stock-data-from-2010-to-2020?resource=download). 

It has four columns, each of which represents a time 

series starting with the opening price, which is the 

price of the asset in the trading market at the beginning 

of the day, as well as the highest price reached by 

trading, as well as the lowest trading price, in addition 

to the closing price, which represents the final price for 

intraday trading. 

 

3.1.  Correlation between the four time-series        

It is possible to find a mathematical representation of 

the degree of similarity between a certain time series 

and another series using the Pearson correlation 

coefficient. The Pearson correlation coefficient 

provides a measure of the strength of linear association 

between two variables [23]. It shows the effect of 

changes in one variable when the other changes. It is 

calculated mathematically by equation (12): 

𝑟 =  
𝑛 ∑ ∑ 𝑥𝑦−∑ 𝑥 ∑ 𝑦

√(𝑛 ∑ 𝑥2−(∑ 𝑥)2)(𝑛 ∑ 𝑦2−(∑ 𝑦)2)
             (12) 

 

https://www.kaggle.com/datasets/timoboz/tesla-stock-data-from-2010-to-2020?resource=download
https://www.kaggle.com/datasets/timoboz/tesla-stock-data-from-2010-to-2020?resource=download
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The correlation coefficient value is between  - 1 and 

+1, and each value corresponds to a type of correlation 

as shown in Table 1. 

Table  1 : The extent and types of correlation 

Correlation 

coefficient 

Type   of   correlation 

r = +1 Perfect direct correlation 

0.7 ≤ r ˂ +1 Strong direct correlation 

0.4 ≤ r ˂ 0.7 Moderate direct correlation 

0 ˂ r ˂ 0.4 Weak direct correlation 

r = 0 There is no correlation 

-0.7 ≤ r ˂ -1 Strong inverse correlation 

-0.4 ≤ r ˂ -0.7 Moderate inverse correlation 

0 ˂ r ≤ -0.4 Weak inverse correlation 

 

We calculated the Pearson correlation coefficient 

between the series that represents the opening price 

and the series that represents the highest trading price 

during the day, we found that r = 0.999425, which 

indicates that the correlation between these two series 

is a strong direct correlation, according to Table 1. 

Likewise, we calculated the correlation coefficient 

between the closing price and the lowest trading price 

during the day, we found that r =0.999447, which 

indicates that the correlation is direct and strong as 

well. 

 

3.2. Wavelet transform analysis 

The financial time series data is vulnerable to several 

factors, such as political changes and variation in 

investors interests, and usually contains a lot of noise. 

To increase the ability to expand a fitted model, the 

data must be filtered from noise. When using a neural 

network, wavelet analysis can perform an accurate 

multi-scale analysis of signals through dilation and can 

effectively eliminate the existing noise in the data and 

retain the characteristics of the original signals. The 

wavelet transform decomposes each signal into a low-

frequency signal and a high-frequency signal and only 

further analyzes the low-frequency components, as 

shown in Figure 6. 

 

Figure 6: Wavelet decomposition process [22] 

 Assume that C0 is the original financial time series 

signal; C1, C2 , ..., CL and D1, D2..., DL are the first, 

second, and L-layer low-frequency and high-

frequency signals, respectively. Then, the original 

time series can be mathematically expressed as 

follows:  

C0 = Cl +DL +DL-1 +...+D2 +D1          (13) 

The low-frequency part presents the general trend of 

the time series, while the high-frequency part presents 

short-term random disturbance. Setting the high-

frequency part to zero can eliminate the noise and  can 

make the signal smoother [24]. 

 

3.3. Normalization and Averaging  

 

Simple tools for smoothing a time series to reduce 

inherent fluctuations magnitude include 

normalization, where the original time series (𝑦𝑡) is 

replaced by 𝑧𝑡, where 

 

𝑧𝑡 =
𝑦𝑡−𝑦̅

𝜎𝑦
                          (14) 

with 𝑦̅ being the mean value of the time series data and 

𝜎𝑦 is the associated standard deviation. It is often  

CL DL 
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beneficial in stock market analysis, to make 

predictions on a weekly or monthly basis. In our 

experiments, we found that more accurate predictions 

are obtained when the data is aggregated over a week 

or a month. The aggregation method used is a simple 

averaging process.   

 

3.4. TESLA stock prices time series analysis 

When analyzing and forecasting a time series, it is 

good to plot the data and pay attention to the 

distinctive characteristics of the time series, which 

guide the researcher in choosing the appropriate 

modeling strategy to be employed. Figure 7 shows the 

data for the opening price time series. 

 

 

 

 

 

 

 

First, the time series must be stationary before starting 

the procedures of fitting. In the case of a non-

stationary series as in Figure 8, we try taking the first 

difference d = 1, which is ideal for making it a 

reasonably stationary series as shown in Figure 9. 

 

 
Figure 8: Unstable non-stationary time series 

 

 

 

 
Figure 9: Stable time series after taking the first difference 

 

We use partial autocorrelation (PAC) function and 

autocorrelation (AC) function to determine p and q of 

the ARIMA model, where the integer value of p can 

be obtained from the cut-off edges points of PAC 

graphs. Similarly, the value of q can be obtained using 

an AC graph. From Figures 10-13, we arrived to the 

conclusion that the suitable ARIMA model to be fitted 

has parameters 𝑝 = 𝑞 = 𝑑 = 1, which is acceptable at 

a significance level of 0.05. 

 

 

Figure 10: Partial autocorrelation function of opening prices time 

series 

Figure 7: Opening prices time series for TESLA 
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Figure 11: Partial autocorrelation function of the first 

difference 

 

Figure 12: Autocorrelation function of time series 

 

Figure 13: Autocorrelation function of the first difference 

time series 

 

 

4.  Experiments Setup and Results     

In this section, we present the description of the 

employed LSTM and ARIMA models and the 

obtained results when using them to predict TESLA 

stock prices on a daily/weekly/monthly basis. We used 

MATLAB R2024b in the construction of our models.   

 

 

4.1. Prediction error measure 

The accuracy of the predictions made by a fitted model 

can be measured using the root-mean-square-error 

(RMSE). In our experiments, we will rely on this 

metric, which measures the error between the expected 

values of the fitted model and the actual values 

mathematically. The RMSE formula looks like a 

standard deviation formula, which is written as 

follows: 

𝑅𝑀𝑆𝐸 = √∑( 𝑦𝑖−𝑦̂𝑖  )
2

𝑛
                (15) 

where 𝑦𝑖 are the actual values of the observations, 𝑦̂𝑖 

are the expected values or predicted values of the 

observations and 𝑛 is the number of observations. 

4.2. Forecasting Numerical Results 

The available data records are divided into 50% 

training data and 50% validation data. First, we fed the 

LSTM and ARIMA models with normalized opening 

prices data and predicted the corresponding values. 

However, trying numerous combinations values for 

the ARIMA model parameters, we came to the 

conclusion of failing to construct an appropriate 

ARIMA model to fit the normalized data. On the other 

hand, the LSTM models with the parameters listed in 

Table 2 succeeded in predicting the normalized data 

series, providing an acceptable error level. To further 

enhance the model, we used the Mallat wavelet 

transform to eliminate the noise in the data. Five levels 

of detail or high frequency coefficients were used. The 

results for the testing data are shown in Figures 14-16. 

We tried predictions at different lags k, with k=1 

referring to daily predictions, k=7 to weekly 

predictions and k =30 to monthly predictions. The 

RMSE values for the different lags are 0.119, 0.164, 

0.3444, respectively. 
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Table 2: First set of LSTMmodels parameters settings 

Parameter Setting 

Lag k= 1 k= 7 k= 30 

Training 

algorithm 

Adam’s 

algorithm 

Adam’s 

algorithm 

Adam’s 

algorithm 

Input layer 

neurons 

1  1 1 

Output layer 

neurons 

1 1 1 

Bi-LSTMlayer 

neurons 

200 200 700 

Max number of 

epochs  

50 50 100 

Mini batch size  4 4 240 

Initial learning 

rate   

0.001 0.001 0.001 

Learning rate 

drop factor  

0.1 0.1 0.1 

Learning rate 

drop period 

50 50 50 

 

 

Figure 14: Normalized daily opening prices time series 

forecasting results 

 

Figure 15: Normalized weekly opening prices time series 

forecasting results 

 

 

Figure 16: Normalized monthly opening prices time series 

forecasting results 

 

It is apparent from Figure 14 and Figure 15 that the 

LSTM models can capture the general trend in the data 

and represent a good fit and thus can be confidently 

used for predicting future values. In Figure 16, though 

the prediction error is still quite small, yet there is a 

small shift between the actual observations and the 

predicted values. 

In our second set of experiments, we tried feeding the 

LSTM models, whose parameters are listed in Table 3, 

and an ARIMA(1,1,1) model with the original data and 

predicting the residuals time series; that is, the time 

series resulting from the first differencing operation. 

To enhance the performance of the models in making 

predictions on weekly basis and monthly basis, we 

used data aggregation. By data aggregation, we mean 

summarizing the data of a week/month by one entry, 

which is taken to be the average of the observed values 

during a week/month. The obtained results are shown 

in Figures 17-19. The RMSE values are summarized 

in Table 4. 

In Figure 17 and Figure 18, it clear that both the LSTM 

and ARIMA models succeeded in generating 

predictions following the same trend as that found in 

the original observations. However, there are clear 

fluctuations in the ARIMA model predictions for the 

monthly data series, as shown in Figure 19. From 

Table 4, it is clear that the LSTM models yield much 

smaller RMSE values. 
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Table 3: Second set of LSTMmodels parameters settings  

 

 

 

Figure 17: Daily opening prices residuals time series 

forecasting results 

 

 

 

 

 

 

 

 

Figure 18: Weekly opening prices residuals time series 

forecasting results 

 

 

Figure 19: Monthly opening prices residuals time series 

forecasting results 

 

Table 4: LSTMversus ARIMA prediction results 

 

 

RMSE 

Lag 

 

1 day week month 

LSTM 0.6 1.3 3.2 

ARIMA 9 

 

15.7 

 

66.4 

 

 

 

 

 

 

Parameter Setting 

Lag Daily Weekly Monthly 

Training algorithm Adam’s 

algorithm 

Adam’s 

algorithm 

Adam’s 

algorithm 

Input layer neurons 1 1 1 

Output layer neurons 1 1 1 

Bi-LSTMlayer 

neurons 

150 150 150 

Max number of 

epochs   

1000 1000 1000 

Mini batch size  20 2 2 

Initial learning rate   0.01 0.04 0.04 

Learning rate drop 

factor  

0.9 0.9 0.9 

Learning rate drop 

period 

50 100 100 
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5. Conclusion  

 

Stock price prediction is an important too for investors. 

In this paper, we compared the performance of LSTM 

models to traditional ARIMA models in predicting 

TESLA stock prices. LSTM models succeeded in 

producing more accurate predictions and capturing the 

complex patterns in the time series more closely. The 

enhancement in prediction capability has been verified 

both visually and quantitatively. Moreover, we 

considered simple data pre-processing techniques 

including normalization and denoising using the 

wavelet transform. Furthermore, it has been 

demonstrated that making monthly predictions is a 

more difficult task compared to making daily 

predictions. However, still the employed LSTM model 

was able to provide adequate future predictions.   
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