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Abstract 

At the end of 1997, the volatility of the exchange rate intensified as the nation's exchange rate system was 

converted into a free-floating exchange rate system. As a result, managing the exchange rate is becoming a 

very important task, and the need for forecasting the exchange rate is growing. The exchange rate prediction 

model using the existing exchange rate prediction method, statistical technique, cannot find a nonlinear 

pattern of the time series variable, and it is difficult to analyze the time series with the variability cluster 

phenomenon. And as the number of variables to be analyzed increases, the number of parameters to be 

estimated increases, and it is not easy to interpret the meaning of the estimated coefficients. Accordingly, the 

exchange rate prediction model using artificial neural network, rather than statistical technique, is presented. 

Using DNN, which is the basis of deep learning among artificial neural networks, and LSTM, a recurrent 

neural network model, the number of hidden layers, neurons, and activation function changes of each model 

found the optimal exchange rate prediction model. The study found that although there were model differences, 

LSTM models performed better than DNN models and performed best when the activation function was Tanh. 
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1. Introduction 

Stabilizing the exchange rate considers the most important issue for the Korean economy after the 1997 

financial crisis and the 2008 global financial crisis. Exchange rates play a very important role in trade. If a 

trading partner's exchange rate falls, it will worsen its balance of trade, and vice versa, it will move in the 

direction of improvement. Especially in Korea, stability and prediction of exchange rates are important because 

Korea is heavily dependent on trade, import and export. 

Previously, various statistical models, such as Moving Averages (MA), Automatic linear Regression (AR), 

and Generalized Autoregressive Conditional Heteroskedasticity (GARCH), were used to predict time series. 
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However, for statistical models, nonlinear patterns of time series variables cannot be found, and time series 

with variability clustering are difficult to analyze. And as the number of variables you want to analyze increases, 

the number of parameters that need to be estimated increases, and it is not easy to interpret the meaning of the 

estimated coefficients. [1-5] After, artificial intelligence and Artificial Neural Network (ANN) technology was 

developed due to the development of computer processing functions and GPU, which increased the accuracy 

of time series prediction using ANN. The ANN works by imitating the learning process of the human brain 

with an artificial model based on the human brain. To learn and create rules or tasks, you can learn from several 

examples or given inputs, and artificial neural networks can be applied to various fields such as pattern 

recognition, stock market forecasting, medical diagnosis, image processing, etc. 

Therefore, in this study, a Deep Neural Network (DNN) based on a multi-hidden layer used in deep learning 

among deep neural network techniques and a Long Short-Term Memory (LSTM) with good performance as a 

type of Recurrent Neural Network (RNN) was used. A model that predicts the selling price of the won/dollar 

exchange rate through data on the open price, closing price, high price, low price, and the change rate compared 

to the previous day is presented. By regularizing the input data of the model, it reduces the learning time of the 

model, while simultaneously increasing the performance and changing the number of hidden layers, the 

number of neurons in the hidden layer, and the activation function, finding and comparing the optimal structure 

to present a suitable model of the exchange rate prediction model. The daily data on the won/dollar exchange 

rate for the model were used from January 4, 2000, to March 20, 2020, and the data were extracted through 

the Bank of Korea's economic statistics system. The composition of this paper is as follows. Chapter 2 deals 

with prior research on exchange rate predict and analysis, and Chapter 3 presents a model of exchange rate 

predict. In Chapter 4, the results of the experiment are presented, and in Chapter 5, the conclusions are made. 

 

2. Related Research & Techniques 

2.1 Related Research 

In the preceding study Moon (2010) forecasting exchange rates with the GARCH model, Suh (2016) 

combined the GARCH and random forest models to predict changes in won/dollar exchange rates. [7][8] Lee 

analyzed the association using the AR+ Integrated GARCH (IGARCH) (1, 1) model based on the won/dollar 

exchange rate and won/yen exchange rate data, and [3] and Yang & Han analyzed the exchange rate using 

various exchange rate prediction models. [6] 

Pedram, M., & Ebrahimi, and M. (2014) compared Auto Regressive Integrated Moving Average (ARIMA) 

and Artificial Neural Network (ANN) using Iranian exchange rates and oil prices [9], and Kadilar & Adlag 

(2009) compared ARIMA models and ANN models for forecasting the Turkish exchange rate of lira/dollar. 

[11] The analysis showed that the artificial neural network model showed better results. Ranjit, Swagat, et al. 

(2018) predicted and analyzed exchange rates using artificial neural networks (MultiLayer Perceptron: MLP, 

RNN, LSTM and Gated Recurrent Unit: GRU). As a result, LSTM's performance was better, although there 

were differences in exchange rate. [10] 

2.2 Techniques 

2.2.1 ANN (Artificial Neural Network) 

It is a data processing system consisting of layers, connection strength, transition functions, and learning 

algorithms that model the brain neural network of living things. It is a structure in which weights have 

repeatedly been adjusted to learning the relationship between input and output data through input and output 

data. [14] DNN (Deep Neural Network) is an artificial neural network with multiple layers of concealment 
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between the input and output layers, which can model complex nonlinear relationships. [15] 

2.2.2 LSTM (Long Short-Term Memory) 

LSTM was first introduced by Hochreiter & Schmidhuber (1997) and is the method presented to solve 

RNN's problem of vanishing gradient and expending gradient. Similar to the RNN method calculated over 

time, but differences in the calculation method of the concealed layer. It will proceed in four stages, and in the 

first stage, it will take a sigmoid function to select data to delete, and in the second stage, it will take a sigmoid 

function and a hyperbolic tangent function (Tanh) to determine whether new data will be stored in the LSTM 

Cell state. The third step is to update the Cell state and determine which output values are to be output with 

the last Tanh function that passed the sigmoid function and the output from the cell state in the last step. [12] 

 

3. Proposed Exchange Rate Prediction Model 

 

𝑋 =

[
 
 
 
 

𝑥1 = 𝑂𝑝𝑒𝑛 𝑃𝑟𝑖𝑐𝑒
𝑥2 = 𝐿𝑜𝑤 𝑃𝑟𝑖𝑐𝑒
𝑥3 = 𝐻𝑖𝑔ℎ 𝑃𝑟𝑖𝑐𝑒

𝑥4 = 𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑃𝑟𝑖𝑐𝑒
𝑥5 = 𝑡ℎ𝑒 𝑐ℎ𝑎𝑛𝑔𝑒 𝑟𝑎𝑡𝑒 𝑐𝑜𝑚𝑝𝑎𝑟𝑒𝑑 𝑡𝑜 𝑡ℎ𝑒  𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝑑𝑎𝑦]

 
 
 
 

            𝑌 = [𝑦1 = 𝐸𝑥𝑐ℎ𝑎𝑛𝑔𝑒 𝑅𝑎𝑡𝑒]          

(1) 

Expression 1 is a formula that shows the input and output data to be used in this study. Input data (X) have 

a total of five values, including the open price, low price, high price, closing price and the change rate compared 

to the previous day, and a model is used to predict the selling price of the exchange rate, which is the output 

data (Y). When determining the selling price of the exchange rate, the open price, low price, closing price, 

high price, and the change rate compared to the previous day were selected as the input variables. 

𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 =
(X − minX)

(maxX−minX)
                                       (2) 

The data to train the model was selected from January 4, 2000, to December 28, 2018, and the test data 

were selected from January 2019, to March 20, 2020. In addition, to reduce the complexity of training time 

and space in the neural network model, regularization work was carried out with expression 2 with data 

between 0 and 1. 𝑋 is actual value. 

For the activation functions, Hyperbolic tangent function (Tanh) and Relu (Rectified Linear Unit) and 

Leaky Relu were used. In the case of Leaky Relu and Relu, it is an algorithm that can solve the vanishing 

gradient problem, and Tanh is used a lot in the neural network structure of the RNN series, and because of its 

good predictability, it was chosen based on the above two reasons. The artificial neural network configuration 

was constructed using the Keras library package, and the optimization method used Adam (Adaptive Moment 

Estimation), which has good performance by combining the functions of Momentum and RMSProp(Root 

Mean Square Propagation). This was applied to each model, and the learning rate of 0.001 mentioned in [13] 

was applied. The prediction model used two types of artificial neural networks, DNN and LSTM. LSTM was 

used because it is more efficient for vanishing gradient problems and long-term dependence problems than 

RNN. And the number of neurons in each hidden layer was changed by 16, 32, 64, and 128 respectively, and 

LSTM consisted of single and multi-layer structures from one layer to three layers. DNN's hidden layer 

numbers consist of three to five layers. Therefore, 72 models with 5 input variables and 1 output were 

constructed. (DNN:36, LSTM:36) And the activation function of the output layer is set differently depending 

on the activation function of the hidden layer. (For example, if the hidden layer activation function is Tanh, 

the output layer activation function is Tanh.) To compare the predicted values with the actual values, the 

predicted values were compared by converting them to the actual value format. The number of Epochs was the 
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same 1000 times, and the Mean Absolute Error (MAE) was used to evaluate the performance of the model. 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − �̂�𝑖|

𝑛
𝑖=1                                   (3) 

MAE is the mean value of the mean absolute error of converting the difference (error) between the actual 

and predicted values of the model into absolute values. For the above one values, greater error results in higher 

values of MAE, which means less accuracy of the model. 

 

4. Results of the Experiment 

This paper predicts the selling price of the exchange rate using the open price, closing price, high price, low 

price, and the change rate compared to the previous day. The difference from [10] is that the number of input 

data is different, and the types of activation functions (Tanh, Relu, Leaky Relu) and optimization method in 

the experiment process, the number of hidden layers, and the number of neurons in the hidden layers are 

different. In addition, the experimental results were shown by type of activation function to find and compare 

good structures. As a result of the experiment, the error rate was different according to the activation function. 

 

 

(a) DNN        (b)LSTM 
Figure 1. DNN & LSTM Results (Tanh, Relu, Leaky Relu) 

 

Figure 1 (a) shows the result value of MAE when experimented with different settings for the number of 

neurons (16,32,64,128) in the hidden layer of the DNN model, the number of hidden layers (3,4,5), and the 

activation function (Tanh and Relu, Leaky Relu). When the activation function was Leaky Relu, the MAE was 

the lowest, followed by Relu and Tanh. Leaky Relu is an improved version of Relu, and when a value below 

than 0 comes in, it is multiplied and set, so it can reduce gradient vanishing problems than Relu, so it seems to 

have a good effect on DNN learning. 

Figure 1 (b) shows the result value of MAE when experimented with different settings for the number of 

neurons (16,32,64,128) in the hidden layer of the LSTM model, the number of hidden layers (1,2,3), and the 

activation function (Tanh and Relu, Leaky Relu). When the activation function was Tanh, the MAE was the 

lowest, followed by Leaky Relu and Relu. For the Tanh function, the overall figure was lower than that of 

other activation functions, For LSTM, the last value output can be negative, so it appears to match the Tanh 

function, which is capable of negative output as a hyperbolic function. Also, the performance deteriorated 

every time the number of layers increased.  

As a result of the experiment, the model with the lowest MAE was LSTM 5-16-1 structure (activation 

function: Tanh). 
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Figure 2. The average MAE of DNN and LSTM 

Figure 2 shows the average of the MAE value of the model formed by the above two structures. When 

using Tanh as the activation function in the LSTM structure, the performance was the best. Conversely, the 

performance was the lowest when using the activation function Tanh in the DNN structure, and the 

performance was good when using the Leaky Relu (Lrelu). Overall, the LSTM model outperformed the DNN 

model. 

 

 
 

Figure 3. Comparison of predicted and actual values 

Figure 3 shows a comparison of the actual values with those predicted in the best structure (5-16-1) when 

applying the Tanh function to the LSTM models. 

 

Table 1. Comparison with reference papers 

Parameter Activation Optimization Best Structure MAE 

LSTM-1 Tanh RMSprop 4-5-1 0.013 

LSTM-2 Tanh RMSprop 4-5-1 0.042 

LSTM-3 Tanh RMSprop 4-5-1 0.0388 

Proposed LSTM Tanh Adam 5-16-1 0.009 

 

Table 1 compares the LSTM model in [10] with the performance of the models proposed in this study. The 

proposed model has five inputs and there are 16 neurons, and the optimization algorithm is Adam. However, 

the model in [10] has four inputs, five neurons, and the optimization algorithm is RMSprop. The structure of 

the hidden layers is the same as [10], but the number of inputs, the number of neurons in the hidden layers, 

and the optimization algorithms used are different. The proposed structure was slightly better at performance 

(min: 0.004, max: 0.0298) than [10]. 

 

5. Conclusion 

In this paper, an artificial neural network prediction system is proposed to predict the selling price of the 



130                       International Journal of Internet, Broadcasting and Communication Vol.12 No.3 125-130 (2020) 
 

exchange rate by utilizing the open price, low price, high price, closing price and the change rate compared 

to the previous day. Using DNN and LSTM neural network models, the number of hidden layers, the number 

of hidden neurons, and the change of activation functions was used to conduct the study. The error value 

changed according to the change of the activation function. Experiments show that Leaky Relu performed 

better in DNN models and Tanh in LSTM models for activation functions. And the overall predicted 

performance was LSTM better than DNN. On the structural side, it was better to single-layered the hidden 

layer of LSTM. This is because adding a hidden layer increases the amount of calculation of the model and 

results in over-fitting of learning, which results in lower performance. In order to improve the predicted 

performance in the future, it is thought that the use of the number of neurons per layer, Dropout, Early 

Stopping, or Initializing or reducing weights or bias will prevent over-compatibility and improve 

performance further. In addition, if input variables are important factors constituting the selling price of the 

exchange rate, the predictive power will be better. 
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