
INTERNATIONAL JOURNAL OF SCIENTIFIC & TECHNOLOGY RESEARCH VOLUME 8, ISSUE 11, NOVEMBER 2019                     ISSN 2277-8616 

 

2021 
IJSTR©2019 
www.ijstr.org 

Study Of GARCH, Ann, & Neuro-Garch Models 
To Predict Rupiah-Us Dollars (Usd) Exchange 

Rate 
Ahmad Juliana, Hamidatun, Roni Padliansyah  

 
Abstract: The volatility of Indonesian exchange rate caused the manager and investor panics. It happens causes they not know the method for 
anticipating. According to their insufficient knowledge direct to contagion effect for business activities and mitigate for financial distress. In general, that 
condition will not happen if they able to anticipate the exchange rate movement using the best forecasting model. There for, we investigate the volatility 
of Indonesia exchange rate by comparing three best model for forecasting. The novelty of this study is comparing three best forecasting model are: 
generalized autoregressive conditional heteroskedasticity (GARCH), artificial neural network (ANN), and Neuro-GARCH for predicting Indonesia 
exchange rate to US Dollar. The results shown that Neuro-GARCH is the best model for forecasting and more accurate, it causes the value of MSE and 
MAPE smaller than generalized autoregressive conditional heteroskedasticity (GARCH), artificial neural network (ANN). 
 
Index Terms: Exchange rate, GARCH, ANN, Neuro-GARCH 
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1. INTRODUCTION 
The exchange rate is the price of a domestic currency against 
a unit of foreign currency or foreign exchange [2]. This implies 
that an increase in the exchange rate (increase in the price of 
a foreign currency) is a depreciation and a decrease in the 
exchange rate is an appreciation. For businessman and 
investors, information about the upcoming exchange rate is 
very important to know. For this reason, there is a need for 
forecasting to be able to read movements of the exchange 
rate. For multinational companies, forecasting exchange rates 
is a strategic step in the success of a company because most 
of the operations of multinational companies are influenced by 
changes in foreign exchange rates (foreign exchange) [3]. 
Likewise, with currency traders who actively engage in 
speculation, hedging, and arbitration on the foreign exchange 
market are very dependent on the accuracy in projecting 
exchange rates [4]. Exchange rate forecasting can be done by 
time series analysis. In time series analysis, there are various 
types of models for forecasting, one of which is the 
Autoregressive Integrated Moving Average (ARIMA) model. 
ARIMA was first introduced by Box and Jenkins in 1976. The 
ARIMA model is divided into three groups, namely: the 
autoregressive (AR) model, the moving average (MA) model, 
and the mixed model (ARMA and ARIMA) which have 
characteristics of the AR and MA models. The ARIMA model 
has a weakness that is the existence of a constant residual 
variant assumption or commonly known as homoskedasticity 
[5], on the other hand the exchange rate data has quite high 
volatility. The ARIMA model is also a linear model which in the 
process requires observation data to be stationary. To 
overcome the problem of data with high volatility, Engle [6] 
introduced an Autoregressive Conditional Heteroskedasticity 
(ARCH) model that can be used in modeling with a non-
constant residual variant (heteroscedasticity). Furthermore,  

 
Bollerslev [7] developed a model with a more general process 
and could be used for a much more flexible lag structure, 
namely the Generalized Autoregressive Conditional 
Heteroskedasticity (GARCH) model. According to Bollerslev 
[7] the residual variant is not only based on past residual 
squares but also depends on past residual variants. This 
model was developed to overcome the difficulties of ARCH in 
high order calculations because the model is very 
complicated. Other models that can be used for time series 
modeling are Artificial Neural Network (ANN) which is an 
information processing system that has characteristics similar 
to biological neural networks [8]. The results of the study of 
the application of ANN comparisons with linear models such 
as ARMA and heteroscedasticity models such as GARCH 
state that the ANN model gives better results as did by: 
Dhamija and Bhalla [9]; Anwar and Mikami [10]; Akarim and 
Akkoc [11]; Napitupulu and Wijaya [12]; Charef and Ayachi 
[13]. However, different results were obtained in the [14] study 
which stated that the ARCH and GARCH models are better 
than the ANN model. Because of the differences in these 
results, several studies have tried to combine ANN models 
with other models to get better forecasting performance. 
Combining the ANN method with other methods is commonly 
known as the Hybrid method. Zhang [15] developed a model 
by combining the ARIMA linear model and the nonlinear ANN 
model, the results showed that the combined method can 
effectively improve the performance of forecasting. 
Ramadhani [16] predicted that stock data using hybrid ANN & 
GARCH models with the results of hybrid methods can give a 
smaller error. While Kristjanpoller and Minutolo [17] used a 
combined method of ANN and GARCH to forecast the price of 
gold. Adi, et al. [18] used the combined ANN & GARCH 
method to forecast the return of the rupiah exchange rate 
against the USD. Yussof, et al. [19] compared Neuro-GARCH 
models with GARCH models to predict the price of gold with 
the results of the Neuro-GARCH model resulting in better 
forecasting performance. Based on the explanation previously 
explained, this study will apply a combined method of Artificial 
Neural Network (ANN) and GARCH or commonly referred to 
as Neuro-GARCH at the rupiah exchange rate against USD 
and compare it with the ANN and GARCH methods to find out 
which model is best for forecasting. 
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2. RESEARCH METHOD 
This study applies a univariate forecasting method where 
there is only one variable that will be observed, namely the 
rupiah exchange rate against USD. The type of research used 
in this study are comparative research and applied research. 
The data in this study are the Jakarta Interbank Spot Dollar 
Rate (JISDOR) reference rate starting from August 26, 2013 
to October 19, 2018 in the form of daily data (5 working days), 
namely as many as 1250 observational data. The type of data 
in this study is secondary data obtained from the Bank 
Indonesia Official Website (www.bi.go.id). In this study the 
data were analyzed using three forecasting models, namely 
GARCH model, ANN model, and Neuro-GARCH model with 
the help of EViews 10 and MATLAB R2016a software. 
GARCH with order m, s is modeled as follows [20]: 
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The steps taken in forecasting the rupiah exchange rate 
against the USD with the GARCH model are to plot the rupiah 
exchange rate data against USD, test of the stationary data 
by looking at the unit root in the data using the Augmented 
Dickey Fuller test, identifying the appropriate Jenkins box 
model, namely AR, MA, ARMA and ARIMA models are based 
on ACF and PACF plots. The four models are formulated as 
follows [21]:    
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Where: Yt = Observation value to t, p = autoregressive 
parameter,    = moving average parameters, B = Backshift 

operator, c = Constants and e = Error term. Next, estimate the 
parameters of the Box Jenkins model and test the significance 
of the parameters with maximum likelihood. Then the 
selection of the best model is based on the AIC criteria 
(Akaike information criterion) of the Jenkins box model that 
has been estimated as well as heteroscedasticity testing 
(ARCH / GARCH effect) with the Lagrange Multiplier test. If 
there is a heteroscedasticity effect, it is necessary to do 
ARCH / GARCH modeling. The next step is forecasting and 
then forming the ARCH / GARCH model, selecting the best 
model based on the smallest AIC, verifying the model done by 
seeing whether the data still contains the effect of 
heteroscedasticity. If the data does not contain the 
heteroscedasticity effect, the model built is good. To see the 
effect of heteroscedasticity will be done by the ARCH LM test. 
After that the built model can be used for forecasting. The 
steps taken in forecasting the rupiah exchange rate against 
USD with the ANN model are by preparing the data used for 
research, namely the actual data of the rupiah exchange rate 
against USD, determining the structure and forming networks 
(hidden layers and input patterns), transforming data into 
sigmoid binner (normalization), dividing data into 80% for 
training and 20% for testing, initializing parameters (goal 
setting, learning rate, epoch and gradient), conducting training 
and testing, and selecting the best network architecture based 
on the smallest MSE and MAPE after the data is returned to 
its original form (denormalization). The Neuro-GARCH model 
is a hybrid model of the GARCH model and ANN model 
where the results of GARCH forecasting will be used as input 
in the ANN model. Suppose the model formed is GARCH 
(1,1) with the mean model AR (1), then the input for the mean 
model is      and     with targt    while the input for the model 
variant is     

   and     
  with output   

 . The mean model and 
variant of the model from neuro-GARCH can be formulated as 
follows [16, 18]: 
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Next to determine the best forecasting model is done by 
comparing the error values of each model. Error calculations 
using MSE and MAPE are formulated as follows: 
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Where: e = Error value (actual value minus forecast value) 
and n = Amount of data. 
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Where: n = Amount of data, Xt = Actual Value, and Ft = 
Prediction Value. 
 

3. RESULTS 

Figure 1 Framework 

(2) 
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(9) 



INTERNATIONAL JOURNAL OF SCIENTIFIC & TECHNOLOGY RESEARCH VOLUME 8, ISSUE 11, NOVEMBER 2019                     ISSN 2277-8616 

 

2023 
IJSTR©2019 
www.ijstr.org 

In the plot of the exchange rate data contains an upward trend 
so that the data becomes stationary while data D (the 
exchange rate) indicates that the data fluctuates around the 
mean so that the data is stationary in the mean. To strengthen 
the visual assumption, stationarity tests will be carried out 
using the Augmented Dickey Fuller (ADF) test. 

 
Table 1 Augmented Dickey Fuller Test 

  ADFcount  Test Critical Value 
5% 

Prob.*   

Level 
first different 

-
1.302353 

-
33.01621 

-2.863646 
-2.863646 

0.6304 
0.0000 

0.05 

Based on the test results that have been carried out, the data 
it has not been stationary in level. Because of the data is not 
stationary in level, then the next stationary test is carried out 
at the level of first difference. Based on the results of the tests 
that have been carried out at the level of the first difference 
the data is stationary because the ADF value is smaller than 
the ADF statistic value (5% critical value test), namely -
33.01621 < -2.863646 or the probability value is smaller than 
alpha value, 0.0000 < 0.05. Next, identify possible ARIMA 
models. Because the data is stationary at the first difference, 
the d order in ARIMA mode is 1 (one) while for the order p 
and q can be seen based on the ACF and PACF plots. Based 
on the ACF and PACF plots there was a cut-off on the first lag 
so that the possible ARIMA model was obtained, namely 
ARIMA (1,1,0), ARIMA (0,1,1), and ARIMA (1,1,1). After 
obtaining a temporary model that has been identified, 
estimating the model parameters and testing the significance 
of the coefficients using the maximum likelihood test, the 
results are as follows: 
 
Table 2 Significance test of ARIMA Model Parameters 

Model p-value   

 1  1 

ARIMA (1,1,0) 
ARIMA (0,1,1) 
ARIMA (1,1,1) 

0.0000 
- 

0.9125 

- 
0.0000 
0.7520 

 
0.05 

Based on the table above the ARIMA (1,1,0) and ARIMA 
(0,1,1) models have significant parameters. While the ARIMA 
model (1,1,1) all the parameters are not significant. Because 
more than one model is formed, the best model is chosen 
based on the smallest AIC. The results show that the ARIMA 
model (0,1,1) is the best model with the equation      
                        .Next, verify the model to see if 
the model matches the observation data. The results of the 
residual independence test show that there is a residual 
correlation between the lags in the ARIMA model (0,1,1) and 

the results of the normality test indicate that the data is not 
normally distributed. To find out whether the ARIMA model 
needs to be continued with the GARCH model, a 
heteroscedasticity test is carried out using the ARCH 
Lagrange Multiplier (ARCH-LM) test. 
 

Table 3 ARCH-LM Test 
F-statistic Prob.*   

237.4783 0.0000 0.05 

 
Based on the ARCH-LM test, the results of the probability 
value = 0.0000 α = 0.05 so that it can be concluded that there 
is the effect of residual heteroscedasticity. Then ARCH / 
GARCH models are formed with three models, namely: ARCH 
(1), GARCH (1.1), and GARCH (1.0). From the test, the 
following results are obtained: 
Table 4 Significance test of GARCH Model Parameters 
  ARCH (1) GARCH (1,1) GARCH (0,1) 

α0 

p-value 
α1 

p-value 
β1 

p-value 

2064.362 
0.0000 

0.383911 
0.0000 

- 
- 

133.8045 
0.0000 

0.132555 
0.0000 

0.832916 
0.0000 

1116.912 
0.8678 

- 
- 

0.667551 
0.7384 

 Significant Significant  Not Significant 

 
 
 
 
Based on the table of test results the significance of the 
parameters ARCH (1) and GARCH (1.1) models have 
significant parameters because the value of the probability 
value is smaller than the alpha value which is 0.0000 < 0.05 
while the GARCH model (0.1) all the parameters are not 
significant because the value of the probability value is 
greater than the alpha value. Next is the best model selection. 
Based on the results of testing the best model is GARCH (1,1) 
because it has the smallest AIC value with the equation  

  
                        

               
 . After the best 

model is obtained, then the model verification is carried out to 
find out whether the model matches the observation data. 
Model verification is done by testing the ARCH effect again 
using the ARCH Lagrange Multiplier test. 
 

Table 5 ARCH-LM Test 
Model Lag F-statistic Probabilities 

 
 

GARCH (1,1) 

1 
2 
3 
4 
5 

3.428800 
2.163149 
1.993616 
1.851283 
1.477557 

0.0643 
0.1154 
0.1131 
0.1167 
0.1942 

 
The results show that in the high lag there is no ARCH effect 
or heteroscedasticity effect because the probability value in 
one lag until the fifth lag is greater than the alpha value of 
0.05. For this reason, the GARCH (1.1) model has met the 
feasibility of the model so that it can already be used in 
forecasting. After forecasting, the MSE value is obtained at 
3357.56 and the MAPE value is 0.311%.The ANN model that 
will be developed is multi-layer network. The network 
architecture developed are as follows: 
 

Figure 2 Comparison of Exchange Rate and ∆ Exchange Rate 

(6) 
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Table 6 ANN Network Structure 
  N Layer N Unit or Neuron 

Input 
Hidden Layer 
Output/ Target 

1 
1 
1 

2 dan 4 
Trial and error 

1 

 
The study method used is the supervised study method and 

the training method used is the backpropagation method. The 
activation function that is applied is the sigmoid binner 
function. For 2 days data input, from 1250 observational data 
the total pattern formed was 1248, where 998 patterns were 
used as training data, and 250 patterns were used as test 
data. While for 4 days data input, the total pattern formed was 
1246, where 1000 patterns were used as training data, and 
246 were used as test data. In this study the training and 
network testing process was carried out with the help of 
MATLAB R2016a software. The results obtained in training 
and network testing are as follows: 

The first architectural variation used for 2 days input is a 
network with parameters: 

1. Learning rate = 0.01 
2. Number of hidden layer units = 6 
3. Number of epoch = 6000 
4. Goal (error target)  = 0.0001 
5. Gradient = 0.00005 
 

 
 
 

Figure 4 is a network performance that shows the learning 
process at each epoch. In this process the iteration is stopped 
at epoch to 6000 because it meets the maximum limit of 
epoch. The best performance is shown in Epoch 5983 with 
the value of MSE 0.00014. 

 

 
 

Figure 5 shows the correlation or relationship between the 
target and the network output in the training, validation, 
testing and overall relationships. From testing the training 
data for a match between network output and the target 
obtained the correlation coefficient (R) is 0.997 where for the 
best results is 1. In figure 5 it can be seen that the data is 
coincided (almost in the same position) with the best value (Y 
= T). This indicates that the network has recognized the data 
pattern properly. The following results from the analysis of 
several variations of network architecture with two days of 
input: 
Based on table 7 with the specified error target which is equal 
to 0.0001 it produces network performance with the lowest 
MSE of 0.000115 on the network with the number of hidden 
layers as many as 18 units. 

Next the first architectural variation used for 4 days input is 
a network with the following parameters: 

1. Learning rate = 0.01 
2. Number of hidden layer units = 8 
3. Number of epoch  = 3000 
4. Goal (error target)  = 0 
5. Gradient  = 0.00005 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3 Figure 3 ANN Network Architecture Inputs 2 Days and 4 
Days 
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Figure 6 is a network performance that shows the learning 
process at each epoch. In this process the iteration is stopped 
at epoch 2901 because it has reached the minimum value of 
the gradient. The best performance is shown in the epoch to 
2458 with the value of MSE 0.00015.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
Figure 7 shows the correlation or relationship between the  
 
target and the network output in the training, validation, 
testing and overall relationships. From testing of the training 
data for a match between network output and the target 
obtained the correlation coefficient (R) is 0.997 where for the 
best results is 1. In figure 7 it can be seen that data coincides 
(almost occupies the same position) with the best value (Y = 
T). This indicates that the network has recognized the data 
pattern properly. The following is the analysis of several 
variations of network architecture with 4 days input: Based on 
table 8, the error target is set to 0, which is lower than the 
error target specified in the input network 4 days. The results 
show network performance with the lowest MSE of 0.000110 
on the network with the number of hidden layers as many as 
18 units smaller than MSE on the input network 2 days. The 
MSE shown in table 7 and table 8 is MSE on normalized data 
to determine the best network architecture, the data is first 
normalized or returned to its original form. Then the best 
network architecture is determined by comparing the values of 
MSE and MAPE on the results of training and testing. After 
the data from the training and testing are completely 
normalized, the following results are obtained: Based on the 
table the best network architecture is a 4-8-1 architecture, 
because the 4-8-1 architecture produces smaller MSE testing 
and MAPE testing values. The following is the best ANN 
network architecture image formed: 

 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
In the Neuro-GARCH model, forecasting is done first using 
the GARCH model. Based on the results obtained the mean 

Table 7 Results of Analysis of ANN Network Architecture Variations Input 2 Days 

No Input Hidden Layer Lr Epoch Gradient Goal MSE R 

1 
2 
3 
4 
5 

 
Two 
Unit 

6 Unit 
11 Unit 
18 Unit 
23 Unit 
28 Unit 

0.01 
0.01 
0.02 
0.01 
0.03 

6000 
7000 
7000 
8000 
10000 

0.00005 
0.00005 
0.00005 
0.00005 
0.00005 

0.0001 
0.0001 
0.0001 
0.0001 
0.0001 

0.000143 
0.000135 
0.000115 
0.000146 
0.000151 

0.997 
0.997 
0.997 
0.997 
0.997 

 
 
Table 9 Selection of the Best Network Architecture 

 
No 

N of Unit Layer MSE MAPE 

Training Testing Training Testing 

1 
2 
3 
4 
5 
6 
7 
8 
9 

      10 

ANN 2-6-1 
ANN 2-11-1 
ANN 2-18-1 
ANN 2-23-1 
ANN 2-28-1 
ANN 4-8-1 
ANN 4-12-1 
ANN 4-20-1 
ANN 4-24-1 
ANN 4-30-1 

4254.66 
4119.31 
3679.96 
4275.00 
4638.25 
3767.78 
3744.75 
3733.71 
3746.26 
3747.96 

8642.42 
30691.21 
2741.76 

34485.15 
10938.74 
1845.47 
1917.31 
1854.04 
2022.79 
1909.25 

0.361551% 
0.345512% 
0.334655% 
0.350457% 
0.371900% 
0.332055% 
0.331473% 
0.332652% 
0.336260% 
0.337049% 

0.3889455% 
0.6481668% 
0.2639865% 
0.6777118% 
0.4277176% 
0.2238118% 
0.2270250% 
0.2242853% 
0.2361014% 
0.2288857% 

 
Table 8 Results of Analysis of ANN Network Architecture Variation Input 4 Days 

No Input Hidden Layer Lr Epoch Gradient Goal MSE R 

1 
2 
3 
4 
5 

 
Four 
Unit   

8 Unit 
12 Unit 
16 Unit 
22 Unit 
26 Unit 

0.01 
0.01 
0.01 
0.01 
0.01 

3000 
3000 
3000 
3000 
3000 

0.00005 
0.00005 
0.00005 
0.00005 
0.00005 

0.00 
0.00 
0.00 
0.00 
0.00 

0.000118 
0.000117 
0.000110 
0.000121 
0.000112 

0.997 
0.997 
0.997 
0.997 
0.997 
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model formed is MA (1,1) and the variant of the model formed 
is GARCH (1,1). Because in this study forecasting the  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
exchange rate will be carried out without predicting its 
volatility, the input used is Yt-1 and et with targt Yt. The total 
pattern of data formed is 1249 patterns so that 1000 data 
patterns are used in the training phase and 249 data patterns 
are used in the testing phase. The following network 
architecture images on the Neuro-GARCH model that will be 
developed: The study method used is the supervised study 
method and the training method used is the backpropagation 
method. The activation function that is applied is the sigmoid 
binner function. Determination of initial weight in this research 
is done by MATLAB software and for initialization of several 
network parameters is done manually by trial and error. 
Because the   pattern used in this study is quite large, the 
process in the training and testing stages is carried out with 
the help of the application. The results obtained in training 
and network testing are as follows: 
The first architectural variation used for 4-day input is a 
network with the following parameters: 
1. Learning rate  = 0.01 
2. Number of hidden layer units  = 8 
3. Number of epoch  = 3000 
4. Goal (error target)  = 0 
5. Gradient  = 0.00005 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 10 is a network performance that shows the learning 
process at each epoch. In this process the iteration is stopped 
at epoch 2901 because it has reached the minimum value of 
the gradient. The best performance is shown in Epoch 222 
with a value of MSE 0.00001. 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 11 shows the correlation or relationship between 
the target and the network output in the training, validation, 
testing and overall relationships. From testing the training 
data for a match between network output and the target 
obtained the correlation coefficient (R) is 0.997 where for the 
best results is 1. In figure 11 it can be seen that the data is 
coincided (almost in the same position) with the best value (Y 
= T). This indicates that the network has recognized the data 
pattern properly. 

The following results from the analysis of several 
variations of network architecture with two days of input. 

Table 10 Results of Analysis of Neuro-GARCH Network Architecture Variations  

No Input Hidden Layer Lr Epoch Gradient Goal MSE R 

1 
2 
3 
4 
5 

 
Two  
Unit 

4 Unit 
12 Unit 
16 Unit 
22 Unit 
26 Unit 

0.01 
0.01 
0.01 
0.01 
0.01 

3000 
3000 
3000 
3000 
3000 

0.00005 
0.00005 
0.00005 
0.00005 
0.00005 

0.00 
0.00 
0.00 
0.00 
0.00 

0.00000975 
0.00000952 
0.00000955 
0.00000928 
0.00000972 

0.997 
0.997 
0.997 
0.997 
0.997 
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After the training and testing process, the MSE and MAPE 
values obtained for each network architecture using 
normalized data are as follows: 

 
Based on table 11, the best network architecture is 2-12-1 

architecture consisting of 2 units in the input layer, 12 units in 
hidden layers, and 1 unit in the output layer because the MSE 
testing and MAPE testing values are smaller than other 
network architectures. The following is the best Neuro-
GARCH network architecture formed: 

After the data has been predicted with 3 models, the 
comparison of the forecasting model with the smallest error 
value is the best model. The results of the comparison of 
three forecasting models are presented in the table as follows: 

The results show that the Neuro-GARCH model is a model 
that produces high accuracy compared to other models 
because the MSENeuro-GARCH or MAPENeuro-GARCH < MSEGARCH or 
MAPEGARCH < MSEANN or MAPEANN values. The data plot 
results from the training and testing of the best Neuro-GARCH 
models are shown in the figure as follows: 

 
Based on Figure 13, it can be seen that in the training 

forecasting phase and the exchange rate data testing has 
good results, this is evidenced by the plot of forecast data that 
coincides with the actual data. 
Table 12 Comparison of Forecasting Models 

No Model MSE MAPE 

1 
2 
3 

GARCH 
ANN 
Neuro-GARCH 

3357.556 
1845.473 
1814.284 

0.311362% 
0.223812% 
0.221400% 

 
Forecasting the price of the rupiah against the USD will 

provide an overview for companies and investors. The 
uncertainty of the future exchange rate prices can pose a risk. 
With the best forecasting model obtained, namely the Neuro-
GARCH model, it will result in a more accurate forecasting of 
future exchange rates, this will help the company in making 
decisions on transactions involving foreign currencies such as 
the decision to reduce debt and accounts receivable, for the 
multinational company it can be applied in company 
management such as decisions for hedging, short-term 
investment decisions, capital budgeting decisions, income 
valuation decisions, and long-term financing decisions. In 
addition, for investors, this will help in determining investment 
decisions such as selling decisions or buying decisions. 
4. CONCLUSIONS AND SUGGESTIONS 

The mean model formed is ARIMA (0,1,1), while the 
variant model formed is GARCH (1,1). The best ANN model is 
the 4-8-1 ANN model. The best Neuro-GARCH model is 
Neuro-GARCH 2-12-1 which consists of 2 input units, 12 
hidden layers, and 1 unit of output. The Neuro-GARCH 2-12-1 
model is better than the GARCH (1,1) and ANN models 
because the MSE and MAPE values are smaller. 

The results of the research conducted show that the best 

forecasting model is to use a combined model, namely Neuro-
GARCH. These results are consistent with those of previous 
researchers Zhang [15]; Wang [22]; Ramadhani [16]; 
Manullang [23]; Lu, et al. [24]; Adi, et al. [18]; Yussof, et al. 
[19]. 

In this study only comparing models in forecasting 
exchange rates without predicting volatility, so that in the 
future a comparison can be made in forecasting the volatility 
of the rupiah exchange rate against the US dollar. 
Furthermore, in this study forecasting is based only on the 
value of past variables, in subsequent studies forecasting the 
exchange rate can be done by considering other related 
variables such as inflation, interest rates, income levels, the 
money supply, current account, capital account and foreign 
debt, in which the research conducted by Sari [25] states that 
these variables have an influence on exchange rates. In the 
ANN model developed, other variations can be added in 
terms of input and output patterns and network architecture. 
Whereas the combined method can be tried by combining the 
ANN model with other GARCH models such as TARCH, 
TGARCH, EGARCH, etc. 
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