International Journal on Vol.13 (2023) No. 2
Advar!ced Sci@nce ISSN: 2088-5334
Engineerin

Information Technology

Forecasting the Currency Rate of The Indonesian Rupiah (IDR)
against the US Dollar (USD) Using Time Series Data and Indonesian
Fundamental Data

Lady Silk Moonlight »*, Bambang Bagus Harianto ?, Yuyun Suprapto ?, Fiqqih Faizah®

“ Politeknik Penerbangan Surabaya, Jemur Andayani 1 No 73, Surabaya, 60236, Indonesia
Corresponding author: “lady@poltekbangsby.ac.id

Abstract— In forecasting foreign currencies, or known as foreign exchange, fundamental analysis and technical analysis can be used.
Fundamental analysis relies on external factors or news happening in the market. In comparison, technical analysis studies the price
itself by relying on graphs and mathematical formulas. This study combines fundamental value and technical analysis to predict the
Rupiah (IDR) against the Dollar (USD). In this study, the artificial neural network architecture that is compared is Backpropagation
and Recurrent Neural Networks (RNN). The RNN architecture used in this research is Elman and Jordan with Backpropagation
Through Time (BPTT) learning algorithm. Technical analysis is applied by entering the USD exchange rate against IDR at a certain
time. At the same time, fundamental analysis is applied in the form of entering some data on the value of fundamental factors as a
training data set. Fundamental data used in this research are inflation rate, interest rate, money supply, and the number of exports and
imports in Rupiah. In this study, the prediction system is also compared, the prediction system uses technical data, and the prediction
system uses technical and fundamental data. This research results in the prediction system using the ElIman RNN algorithm, which is
better than the Backpropagation and Jordan RNN algorithms. A prediction system using training data in time series and fundamental
data is better than only training data. So, it means in this study that the best prediction system uses the Elman RNN Algorithm with
training data in the form of time series data USD sell exchange rate against IDR and fundamental data.
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Artificial Neural Network approach, which has been further
I. INTRODUCTION developed into Deep Learning, has proven to be very effective
in performing pattern recognition [1].

In this study, we tried to combine fundamental analysis
techniques and technical analysis in predicting the exchange
rate of the Indonesian Rupiah against the US Dollar.
Application of Artificial Intelligence Recurrent Neural
Networks (RNN) and Backpropagation methods as a form of
technical analysis. And fundamental analysis is applied in the
form of entering data on fundamental factors as a training
dataset. In previous research, it was stated that including
monthly monetary fundamental volatility, it could improve
daily forecasting performance [2]. Fundamental factors and
price factors complement each other in forecasting future
returns and combining price reversal and fundamental
momentum into enhanced fundamental momentum results in
a 2.107% monthly return [3]. Previous studies stated that
economic fundamentals were proven to improve the

Changes in currency exchange rates occur all the time in
the world, including the Indonesian Rupiah against the US
Dollar. In analyzing changes in currency exchange rates,
fundamental and technical analysis techniques are used.
Fundamental analysis concentrates on the basic causes of
price movements and relies on news/rumors in the market.
While technical analysis studies the movement of the price by
relying on chart changes using mathematical formulas.
Fundamental factors are changes in currency values
influenced by inflation rates, interest rates, income levels,
currency supply, demand, balance of payments (BOP)
positions, government supervision, and speculation
expectations. This volatile currency exchange rate movement
makes it important to develop the science of forecasting in
estimating foreign exchange rates with low risk. The
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forecasting performance of the euro-dollar exchange rate in
the time range from one week to one month [4]. By combining
the two techniques of technical and fundamental analysis, it
is hoped that this research will obtain better results that are
not only based on past prices but also take into account other
indicators.

From the results of the analysis of articles from 2000 to
2019 about forecasting the index, stock market, and currency
values, it is known that 138 articles reveal that machine
learning is the most widely used method. Then from 2020
until now, deep learning has been increasingly popular [5].
Machine learning also predicts the daily value of stocks, and
currency exchange rates, to the value of commodities. [6] [7]
(8]

The Backpropagation method is one of the Artificial
Neural Network methods included in Deep Machine learning.
In previous research, the Backpropagation Method can handle
unexpected spikes or decreases in stock prices due to stock
splits and commodity prices approaching the contract's
expiration date[9]. The feedforward backpropagation neural
network model can accurately model indoor air quality in
naturally ventilated buildings, compared to the multivariate
statistical method, Multiple Linear Regression (MLR) [10].
Backpropagation ~ Neural = Networks can  analyze
environmental risks and provide fast predictions, with epochs
of 2.5E+04, an average RMSE of 1.06E-06, and the average
comparison between the measured and predicted outputs is
0.9994 [11]. The Backpropagation Neural Network (BPNN)
method has also been compared with the traditional artificial
neural network (ANN) in the test set in predicting the risk in
The digital transformation of China's manufacturing, which
results that BPMN is better than the traditional artificial
neural network (ANN) [12].

Recurrent Neural Networks (RNN) can handle very
complex financial systems with various time variations [13].
In the case of estimating forest energy, a simulation system
built using RNN in proposing optimization schemes and
policy recommendations results in a system that can achieve
the benefits of reducing carbon dioxide emissions by up to
46.17% and increasing the economic benefits of trading
carbon dioxide by 35.69% [14]. In the case of predicting the
evolution of the risk of death from COVID-19, the
performance of the RNN outperforms the Support Vector
Classifier and Random Forest [15]. RNN with
Backpropagation through Time (BPTT) algorithm has a
powerful computational framework for learning and
forecasting complex spatiotemporal systems [16]. RNN, as
one of machine learning, has succeeded in optimizing the non-
linear process of estimating operational data with accuracy
according to estimates [17], [18]. RNN framework with
adaptive training strategy is used to model non-linear data
dynamic systems for long-term future state prediction [19].
Compared to exponential smoothing (ETS) and the
autoregressive integrated moving average (ARIMA), the
RNN model shows a higher forecasting accuracy value, is
more efficient, with homogeneous seasonal pattern data, and
can be a competitive alternative in many situations [20].
Elman Neural Network with direct input-to-output
connections has been proven to increase accuracy, and reduce
network complexity and computational load, for classification
problems or linear data regression, but for non-linear data, this
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method is not appropriate [21]. The Elman Neural Network
model can predict the actual load curve and release time of
the energy storage tank storage with a large suitability value
to effectively reduce energy use and operating costs without
including thermal comfort [22].

In this study, three different architectures were compared:
Backpropagation, Elman RNN, and Jordan RNN. From the
explanation above, it is known that each architecture has its
own advantages. The difference between these architectures
is the iterative connection that we have described in section
II, Materials and Method. However, the three architectures
use the same algorithm steps, namely feedforward and
backward, but adapted to each network architecture. The
feedforward and backward algorithm steps applied to the
RNN architecture are called Backpropagation Through Time
(BPTT).

II. MATERIALS AND METHOD

This section describes the steps of the Backpropagation
algorithm, which is applied to the network architecture of the
Neural Network and the Recurrent Neural Network.

A. Backpropagation

The Backpropagation algorithm is used in a multi-layer
feedforward artificial neural network composed of several
layers, and the signal flows in the same direction from the
input to the output layer. The backpropagation training
algorithm consists of three stages, namely:

o Input the value of the training data so that the output
value is obtained.

« Backpropagation of the obtained error value

o Connection weight adjustment to minimize error value.

The three stages are repeated continuously until the desired
error value is obtained. After the training is completed, only
the first stage is needed to utilize the artificial neural network.
Error information is propagated sequentially, starting from
the output layer and ending at the input layer, so this algorithm
is called Backpropagation [23], [24], [25], [26], [27], [28].

YO =f@ in)®

\\m" ) = f(xin)®

(=)

\
_— ’
— n n S ¢
_— ‘ x_in; )= 11;0) + Z(V,,u,)”‘)
/// =1
Var_ o

vz

(u)
ZJ

Fig. 1 Feedforward steps of Backpropagation architecture

Feedforward steps of the Backpropagation Algorithm as
shown in Fig. 1:

1. Calculate all incoming signals in the hidden neurons using
equation (1).

(1)

2. Calculate the output signals of the Aidden neurons using
equation (2).

x_in;n) = v].(gl) + 21 (vju)™



x(n) = f(x_in ) (n) )

3. Count all incoming signals to the output neurons using
equation (3).

m 4

y_in” = wi? + T (wjx) ™ 3)

Calculate output signals of the output neurons using
equation (4).
y () =f(y_in) (n) 4)

5. Calculate the Root Mean Squared Error (RMSE) using
equation (5).
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Fig. 2 Backward steps of Backpropagation architecture

Then do the backward steps as shown in Fig. 2 as follows:
6. Calculate the error in the output units using equation (6).

M= (¢ —y™) f(yant™) (6)

7.  Calculate weight correction using equations (7) and (8).
Output — Hidden:

L)

() (n)
AW]L n 'n

—ne; (7
Output — Bias:

Aw;™ = (8)

8. Calculate the sum of the input deltas in the hidden units
using equation (9).

5]-(n) = (Wijei)(n)

)
ne;

)

Calculate the error in hidden units using equation (10).
(n)

= f(cin™) 57 (10)
9. Calculate Welght correction using (11) and (12)
Hidden — Input:
Av].(f) =-7 sj(n)x].(n) (11)
Hidden — Bias:
Avg) = —n e (12)

B. Elman - Recurrent Neural Networks (RNN)

In the RNN architecture, the Backpropagation Through
Time (BPTT) Algorithm is used, by adjusting the Elman RNN
architecture. [29], [30], [31], [32], [33].
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Fig. 3 Feedforward steps of Elman RNN architecture

Feedforward steps of Elman RNN using the BPTT
Algorithm as shown in Fig. 3 as follows:
1. Calculate all incoming signals in the hidden neurons
using equation (13).

m _

x_in; (n) +v xx(n Dy T ()™ (13)

2. Calculate the output signals of the sidden neurons using
equation (14).

x(n)=f(x_in) (n) (14)

3. Count all incoming signals to the output neurons using
equation (15).

yin = wi? + T (wyx) ™ (15)

Calculate the output signals of the output neurons using
equation (16).

y () ="f(y_in) (n) (16)

5. Calculate the Root Mean Squared Error (RMSE) using
equation (17).
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Fig. 4 Backward steps of Elman RNN architecture

Then do the backward steps as shown in Fig. 4 as follows:
6. Calculate the error in the output units using equation

(18).
V= (" -y £ (voinf®) (18)

7.  Calculate weight correction using equation (19) and
(20).
Output — Hidden:



Aw;, ™ = - e].(n)xi(n) (19)

Output — Bias:
ijo(n) =-7n e]'(n) (20)

8.  Calculate the sum of the input deltas in the Aidden units
using equation (21).

6].(n) = (wi;e)™ + v s(nH) (21)
9.  Calculate the error in hidden units using equation (22).
M= f(xin™) 5 (22)

10. Calculate weight correction using equations (23), (24),
and (25).
Hidden — Input:

m_ _ ), (-1)
Av].x =-ng X (23)
Hidden — Bias:
A ]((7)1) = Ej(n) 24)
Hidden — Hidden (feedback):
m_ _ ), (n-1)
Av].x =-ng X (25)

C. Jordan - Recurrent Neural Networks (RNN)

In the RNN architecture, the Backpropagation Through
Time (BPTT) Algorithm is used by adjusting the Jordan RNN
architecture. [29] [31] [34] [35].
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Fig. 5 Feedforward steps of Jordan RNN architecture

Feedforward steps of Jordan RNN using BPTT Algorithm
as shown in Fig. 5 as follows:
1. Calculate all incoming signals in the hidden neurons
using equation (26).

xin;n) (n) tv xx(n Yt PEACRTIL (26)

2. Calculate the output signals of the sidden neurons using

equation (27).

x™ =f(x_in) 27

3. Count all incoming signals to the output neurons using
equation (28)

Y- m(n) W(n) + 2 (wypx)™ (28)

4.  Calculate the output signals of the output neurons using
equation (29).

y"=f_in) (29)

5. Calculate the Root Mean Squared Error (RMSE) using

equation (30).
1
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Fig. 6 Backward steps of Elman RNN architecture

Then do the backward steps as shown in Fig. 6 as follows:
6. Calculate the error in the output units using equation

31).
V= (" -y £ (voinf®) &)

7.  Calculate weight correction using equations (32), (33),
and (34).
Output — Hidden:

Aw; ™ = —n e x™ (32)

Output — Bias:
Aw,™ = — e].(n) (33)
Output — Hidden (feedback):

Av]-x(") = ne(n) (n-1) (34)

l.

8.  Calculate the sum of the input deltas in the Aidden units
using equation (35).

5™ = (wye)™ + g™tV (35)
9. Calculate the error in hidden units using equation (36).
M= f(xin™) 5 (36)

11. Calculate weight correction using equations (37) and
(38).
Hidden — Input:

n _ n), ()
Avﬁ =-ng oy (37)

Hidden — Bias:

A ]((7)1) = Ej(n) (38)

III. RESULTS AND DISCUSSION

This system was built using the Java programming
language, with the concept of object-oriented programming.
The software (Integrated Development Environment) used is
Eclipse.



A. Data

In this study, the data used are time series data on currency
values and fundamental data that occurs in Indonesia. Time
series data, namely the value of the Indonesian Rupiah (IDR)
against the US Dollar (USD), is expected to be able to project
currency forecasting technical analysis. In comparison, the
fundamental analysis used the value of inflation, the money
supply (in billions of Rupiah), and the value of exports and
imports. Inflation value is the average value of inflation that
occurs in all cities in Indonesia. The money supply is the
amount of currency, demand deposits, quasi-money, and
securities other than shares. Export-Import Value is the export

or import value, which is the sum of the oil and gas and non-
oil and gas sectors in millions of USD. All fundamental data
is obtained from the official website of the Central Statistics
Agency https://www.bps.go.id/. Meanwhile, the IDR
currency value against USD is taken from the official page of
the Bank Indonesia website https://www.bi.go.id/. The data
used in this study is data from January 1, 2021, to March 31,
2021 [36], [37], [38], [39], [40], [41].

1) Input Data: This research's file type of input data is
Text Document (.txt). The following input data matrix format
used in this study is illustrated in Table 1.

TABLEI
INPUT DATA
No Date USD Sell Inflation Rate Money Supply Import Export
1 01/01/2021 14175,53 0,16 6767407,65 13329,9 15293,7
2 01/02/2021 14175,53 0,16 6767407,65 13329,9 15293,7
304 10/31/2021 14270,00 0,28 7491704,38 16293,6 22029,7

2) Normalization Data: Before entering the learning
process, the input data is processed by normalization so that

the value is in the range of 0 to 1. The data resulting from the
normalization of the input data is depicted in Fig. 7.

B No Date UsDSell Inflation AmountOMoneyinGirculation(Billion Import(Million) Export(ilions)
i 010172021 1417553 4z 5767407 65 152937 133299
iz 01/02/2021 1417553 0.42 576740765 152937 133200
i3 01/03/2021 1417553 042 576740765 152937 13329.9
ia 01/04/2021 1397252 042 5767407 65 152937 133299
if5 01/08/2021 1401473 0.42 576740765 152937 13320.9
i 01/06/2021 1399563 042 576740765 152937 13329.9
i 010772021 14007 69 042 5767407 65 152937 133299
ifie 01/08/2021 1412829 0.42 576740765 152937 13320.9
e 01/09/2021 1412829 042 576740765 152937 13329.9
ifro 01102021 1412829 042 576740765 152937 133299
i 011112021 1422578 0.42 576740765 152937 133200

Fig. 7 Input data normalization results

3) Training Data: After the normalization process is
carried out, the input data is adjusted to the number of input
layers. In this study, the number of days in a week is seven

In the system test, 2 test scenarios were carried out, the first
using time series data, as shown in Fig. 8, and the second
scenario using time series and fundamental data, as shown in
Fig. 9.

days, so the historical data used is D-1 to D-7 for each target.

No Date USDSel(7) | USDSellt§) | USDSel(ts) | USDSelit4) | USDSellt3) | USDSelt2) | USDSellt1) Infiztion) | AmountOfiioneyf.., Import(hilions)) | Export(Milions)) | USDSellt)
1 0110812021 0.3208800822... 0.32998800822... 0.04017245317... 0.10043113293... 0.07316411503... [0.09038088168... [0.26254853874... [1.0 00 0.01210380220... [0.01842441447 .. [0.26254853814..
2 011012021 0.32098800822... 0.04017245317... 0.10043113293... 0.07316411603... 0.09038088168... [0.25254853814... [0.26254853814... [1.0 0.0 0.01210380220... 0.01842441447 . [0.26254853814..
3 01112021 0.04017245317... [0.10043113293... 0.07316411603... 0.09038088168... 0.25254853814... 0.25254853814... [0.26254853814... [1.0 0.0 0.01210380220... 0.01842441447 ... 0.40172453174..
4 011212021 0.10043113203.. [0.07316411603.|0.00038088168..|0.26254853814.._|0.26254853814.. |0 26264853814, [0 40172453174, [10 00 001210380220, 001842441447 |0 51076404751
16 11312021 0.07316411603.. [0.00038086168... 026264853814, |0.26254853814.._|0.26254853814. |0 40172453174.._[0 51076404761, [10 00 001210380220, |0.01842441447 [0 33572693010
e 11412021 0.09038088 168... [0.26254853814... 0.26254853814... 0.26254853814... |0.40172453174... [0.51076404751...[0.33572683010... [1.0 0.0 0.01210380220... [0.01842441447... 0.35007423481..
iz 11512021 0.26254853814... 0.26254853814... 0.26254853814... 0.40172453174... |0.51076404751... [0.33672593010... [0.35007423481... [1.0 0.0 0.01210380220... 0.01842441447 .. [0.27680584285..
8 11612021 0.26254853814... 0.26254853814... 0.40172453174... 0.51076404751... 0.33572693010... 0.35007423481... |0.27680584285... 1.0 0.0 0.01210380220... 0.01842441447 .. |0.27680584285..
e 11712021 0.26254853814... [0.40172453174... 0.61076404751... 0.33572693010... 0.35007423481... 0.27689584285... [0.27689584285... [1.0 0.0 0.01210380220... 0.01842441447 .. [0.27689584285..
[0 11812021 0.40172453174... [0.51076404751... 0.33672693010... 0.35007423481... 0.27689584285.._[0.27689584285.. [0.27689584285... [1.0 0.0 0.01210380220... 0.01842441447 .. [0.20411260842..
{em [ErEres R EARTEAMTES T ARETORGANN N AERRTARUARA R ATROGERBAE i A7ARGEGASAE [N ATRRGEEASEE InoGA1ibERGAS 4R an I T T ey VeV P B EE T P

Fig. 8 Time series and fundamental training data
No Date USDSelI(-7) USDSell(-6) USDSell(:5) USDSell(-4) USDSelI(-3) USDSell(-2) USDSel(-1) USDSell()

1 010872021 03209880082220343 _|0.3200880082220343__|0.040172453174067425 |0.10043113293741467 _|0.07316411603471881 _|0.08038086166113463 |0 2626485381452737 _|0.2525485361452737
2 01110/2021 0.3200880082229343 _|0.040172453174957425 |0.10043113293741467 |0.07316411603471891 _|0.00038086156113463 _|0.2625485381452737 _|0.2625485381452737 _|0.2525485361452737
3 011172021 0.040172453174957426 |0.10043113203741467 _|0.07316411503471801 _[0.00038086168 113463 _|0.2625485361452737 _|0.2625485381452737 _|0.2606485381452737 _|0.40172453174965866
4 011212021 0.10043113293741467 _[0.07316411503471891 _|0.09036086168113463 _|0.2625485381452737 _|0.2625485361452737 _|0.2625485381452737 _|0.40172453174955866 _|0.5107640475102785
5 111312021 0.07316411603471891 _|0.09036085165113463 _|0.262548536 1452737 |0.2625485381452737 _|0.2625485361452737 _|0.40172453174965866 _|05107640475102786 __|0.33572693010507026
B 1142021 0.09038088 168113463 |0.2626485381452737 _|0.2625485361452737 _ |0.2625485381452737 _|0.40172453174965866  |0.5107640475102786 _|0.33672693010507026 _|0.3500742348 1041666
7 11512021 0.2625486381452737 _|0.2626485351452737 |0.26254853614652731 _ |0.40172453174965866 |0.5107640475102786 _ |0.33572693010507026 |0.36007423481041566 _|0.2768958428506175
B 11612021 0.2625486381452737 _|0.2626485351452737 |0.40172453174065866 |0.6107640475102786 _|0.33672593010507026 _|0.35007423481041666 |0.2768068428506175 _|0.2768958428506175
B 11712021 02626486381452737 _|0.40172453174355866 |0.6107640475102786 _ |0.33572693010507026 _|0.35007423451041666 |0 2768958428506176 |0 2768058428506175__|0.2768958428506175
10 11812021 0.40172463174965866 |0.6107640475102786 _|0.33572693010507026 |0.35007423481041666_|0.2768958428506175 _|0.2768958428506176 |0 2768058428506175 _|0.20411260849703064
i A N RARTRANATEANTOR IR 33ETARAANANNTANE N SRANTANADANAAREE % ATRONROARORARATE N ATRGAROANGENA1TE I ATRSARSANGRNRATE IR AnitinAnanTnanAs I 3nmTAnAR39A73R

Fig. 9 Time series training data

B. Evaluation of Algorithm Performance in the Training
Process
In the training and forecasting process, parameters are
used: the number of input layers = 11; the number of hidden
layers = 7; the number of output layers = 1; target error =

0.001; learning rate = 0.01; maximum iteration = 4000. An
input layer, consisting of the price of IDR against USD during
the previous 1 week and the value of the fundamental factor.
So the input layer is the price of IDR against USD at (t-7), (t-
6), up to (t-1), and the inflation rate, money supply, export
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value, and import value, which have been normalized. The
maximum iteration used is 4000, the activation function used
in the hidden layer is the Log-Sigmoid Transfer Function
(Logsig), and the activation function used in the output layer
is the Linear Transfer Function (Linear). Fig. 10, 11, and 12
are graphs of changes in the results of Error calculations in
the training process, using the Backpropagation Algorithm,
Elman RNN, and Jordan RNN, using time series and
fundamental data.

TRAINING PERFORMANCE

RMsE

A

Fig. 10 Graph of RMSE Change in Backpropagation Method Training
Process using Time Series and Fundamental Data

TRAINING PERFORMANCE.

RusE

il

s

Fig. 11 Graph of RMSE Change in the Elman RNN Method Training Process
using Time Series and Fundamental Data

TRAINING PERFORMANCE

RMSE

teration

Fig. 12 Graph of Changes in RMSE Jordan RNN Method Training Process
using Time Series and Fundamental Data

While Fig. 13, 14, and 15 are graphs of changes in the
results of Error calculations in the training process, using the
Backpropagation Algorithm, Elman RNN, and Jordan RNN,
using time series data.

Fig. 13 Graph of RMSE Change in Backpropagation Method Training
Process using time series data
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b

Fig. 14 Graph of RMSE Change in the Elman RNN method of training using
time series data

TRAINING PERFORMANCE

RMsE

)| |

Fig. 15 Graph of Changes in RMSE Jordan RNN Method Training Process
using time series data

Fig. 16, 17, and 18 below is a comparison chart of changes
in the selling USD value in the training and forecasting
process, with the actual USD sell, and the USD sell forecast
for the next 7 days. The training and forecasting process uses
the Backpropagation Algorithm, Elman RNN, and Jordan
RNN, and uses time series and fundamental data. On the
chart, the blue line represents the change in the actual selling
USD value, the red line represents the change in the selling
USD value resulting from the training output, and the black
line represents the forecasted selling USD value.
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Fig. 16 Comparison Graph of Output Values, Targets, and Forecasting
Values, in the Backpropagation Method Training Process, using Time Series
and Fundamental Data
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Fig. 17 Comparison Graph of Output Value, Target, and Forecasting Value,
in the Elman RNN Method Training Process, using Time Series and
Fundamental Data



Fig. 18 Graph of Comparison of Output Values, Targets, and Forecasting
Values, in the Jordan RNN Method Training Process, using Time Series and

Fundamental Data

While Fig. 19, 20, and 21 below is a comparison chart

using time series data.

By

No. Dataset

Fig. 21 Graph of Comparison of Output Values, Targets, and Forecasting
Values, in the Jordan RNN Method Training Process, using Time Series Data

From the training process the following is an RMSE table
from the training process using the Backpropagation, Elman
RNN, and Jordan RNN algorithms, with Time Series and
Fundamental input data and only Time Series input data.

TABLE 11
RMSE RESULT
RMSE
Data Backpropasation Elman Jordan
cKkpropagatio RNN RNN

Time Series + 0.042396 0.040596  0.044235
Fundamental
Time Series 0.041185 0.041031  0.04224

No. Dataset

Fig. 19 Comparison Graph of Output Values, Targets, and Forecasting
Values, in the Backpropagation Method Training Process, using Time Series

Data

Buy

.......

Fig. 20 Comparison Graph of Output Value, Target, and Forecasting Value,
in the Elman RNN Method Training Process, using Time Series Data

From Table II, when using Time series and Fundamental
data, it can be concluded that the lowest RMSE is 0.040596
using the Elman RNN algorithm. Meanwhile, when using
Time series data, it can be concluded that the lowest RMSE is
0.041031 using the Elman RNN algorithm. When compared
based on input data, the RMSE results using Time Series and
Fundamental data are lower than using Time Series data.

C. Evaluation of Algorithm Performance in the Forecasting
Process

In this chapter, the actual value of USD Sell is compared
with the forecasting results for the next 7 (seven) days,
namely April 1 to 7, 2021, using the Backpropagation, Elman
RNN, and Jordan RNN algorithms. Table III results from
RMSE using Time Series and Fundamental Data as training
data.

TABLE III
RMSE FORECASTING PROCESS USING TIME SERIES AND FUNDAMENTAL DATA
Forecasting Result RMSE
No Date USD Sell Backpropagation Elman Jordan Backpropagation Elman Jordan
1 1-4-2021 14.649,89 14.545,65 14.566,57  14.552,64 104,24 83,32 97,25
2 2-4-2021 14.649,89 14.547,22 14.574,35  14.555,66 103,46 79,53 95,75
3 3-4-2021 14.649,89 14.548,74 14.580,16  14.554,30 102,70 76,40 95,70
4 4-4-2021 14.649,89 14.548,82 14.582,20  14.556,26 102,29 74,32 95,18
5 5-4-2021 14.656,92 14.546,82 14.584,56  14.549,90 103,90 73,93 97,67
6 6-4-2021 14.605,67 14.546,49 14.587,21 14.552,92 97,88 67,91 91,72
7 7-4-2021 14.591,60 14.547,28 14.591,30  14.553,71 92,15 62,87 86,11
TABLE IV
RMSE FORECASTING PROCESS USING TIME SERIES DATA
Forecasting Result RMSE
No Date USD Sell Backpropagation Elman Jordan Backpropagation Elman Jordan
1 1-4-2021 14.649,89 14.487,16 14.497,57 14.487,13 162,73 152,32 162,76
2 2-4-2021 14.649,89 14.439,03 14.477,90 14.472,23 149,10 162,45 170,37
3 3-4-2021 14.649,89 14.405,40 14.469,12 14.458,41 188,34 168,78 177,69
4 4-4-2021 14.649,89 14.372,82 14.467,83 14.448,72 208,74 172,20 183,84
5 5-4-2021 14.656,92 14.339,32 14.460,14 14.434,53 227,76 177,38 192,17
6 6-4-2021 14.605,67 14.316,63 14.462,83 14.440,09 248,34 172,11 188,00
7 7-4-2021 14.591,60 14.293,04 14.461,70 14.435,66 255,57 166,74 183,76
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Table I1I shows that the lowest RMSE uses the Elman RNN
algorithm in the forecasting process using Time Series and
Fundamental data as training data. The table is the result of
RMSE using Time Series Data as training data. Table IV
shows that the lowest RMSE is using the Elman RNN
algorithm in the forecasting process using only Time Series
data as training data. From the two RMSE tables above, the
lowest RMSE in the forecasting process is using time series
and fundamental data as training data, compared to using only
Time Series data, using the Elman RNN algorithm. Although
the fundamental value data provided by the Indonesian
government is not too volatile or updated every month, the
USD time series data is updated daily.

IV. CONCLUSION

In this study, the problem raised is forecasting the
Indonesian Rupiah (IDR) against the US dollar (USD) using
input data, namely time series data and fundamental data in
Indonesia. Time series and fundamental data used as training
data are from January 1 to March 31, 2021, while the
forecasting data to be compared with actual data is from April
1 to 7, 2021. The algorithms used and compared in this study
are Backpropagation, Elman Recurrent Neural Network
(Elman RNN), and Jordan Recurrent Neural Network (Jordan
RNN). Root Mean Squared Error (RMSE) is used to measure
system performance. After the training process is carried out,
the highlights can be listed as follows: The Elman RNN
algorithm produces the lowest RMSE in the training process
using Time Series and Fundamental Data, compared to
Backpropagation and Jordan RNN. The Elman RNN
algorithm produces the lowest RMSE value in the training
process using only Time Series data, compared to
Backpropagation and Jordan RNN. The RMSE of the Elman
RNN Algorithm using Time Series and Fundamental Data is
lower than the RMSE of the ElIman RNN Algorithm in the
training process using Time Series Data only. The Elman
RNN algorithm produces the lowest RMSE in the forecasting
process using time series and fundamental data, compared to
Backpropagation, and Jordan RNN. The Elman RNN
algorithm produces the lowest RMSE in the forecasting
process using only Time Series data, compared to
Backpropagation, and Jordan RNN. The RMSE results of the
Elman RNN Algorithm using time series and fundamental
data are lower than the RMSE results of the Elman RNN
Algorithm in the forecasting process using time series data
only. So, it can be concluded that the performance of the
Elman RNN Algorithm is better than the Backpropagation,
and Jordan RNN in the case of forecasting the IDR currency
against USD using time series and fundamental data.
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