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[Abstract]

In this paper, we propose a several smoothing techniques are compared and applied to increase the
application of the LSTM-based learning model and its effectiveness. The applied smoothing technique is
Savitky-Golay, exponential smoothing, and weighted moving average. Through this study, the LSTM
algorithm with the Savitky-Golay filter applied in the preprocessing process showed significant best results
in prediction performance than the result value shown when applying the LSTM model to Bitcoin data. To
confirm the predictive performance results, the learning loss rate and verification loss rate according to the
Savitzky-Golay LSTM model were compared with the case of LSTM used to remove complex factors from
Bitcoin price prediction, and experimented with an average value of 20 times to increase its reliability. As
a result, values of (3.0556, 0.00005) and (1.4659, 0.00002) could be obtained. As a result, since
crypto-currencies such as Bitcoin have more volatility than stocks, noise was removed by applying the
Savitzky-Golay in the data preprocessing process, and the data after preprocessing were obtained the

most-significant to increase the Bitcoin prediction rate through LSTM neural network learning.

» Key words: LSTM/GRU learning model, Filters:Savitky-Golay/single exponential smoothing/weighted
moving average, time series data, pre-processing
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I. Introduction
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II. Preliminaries : Related Theory and

Background

1. LSTM(Long Short-Term Memory) Model
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Fig. 1. Repeating Module of LSTM for Layer Interaction
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Fig. 2. Cell Status and Movement for Each Step
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2. Smoothing Techniques

2.1 Savitzky-Golay Filter
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Fig. 3. The Smoothing Process of Signals Using a
Multinomial Regression Model
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2.3 Weighted Moving Average
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III. Experimental Methods and
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2. Data Processing and Correlation
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(a) Data Frames before Preprocessing

=N =7t 2z a7t HM7E AHElE HE %

20224 04122 40,0730 395070 40,6780 39,2930 58136M 1.456%
20225 048 112 394970 42,1440 424180 392020 608.38M -6.27%
2022F 042 10Y 42,1380 42,760.0 43,4210 41,8840 255.83M -1.47%
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B W N o= O
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4287 rows x 7 columns

(b) Data Frame after Preprocessing
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4310 rows x 5 columns
Fig. 4. Bitcoin Data
=] 2] o
Aol AHgE 2™ Closings(E7h. Open(A]7Y),

Festgon, do|

B B40] AHgY A AL Hlojd B ARS 59

Low price(X7}), High price(x17H=

-1 a =2 g
sfolstoict. lole] 7to] ARBAS o AN H4gt

o] Fig. 501]1\1g} 71-0] 7<4015 0.99 0]1\1—0] 1:1}_=L ng. q]o]
Bole 2 AP} §lee ¢ 4 Atk o] AuUAS EY)

2 2 AdoJA= Closings(37hHE Y &4 HolE=
M7gstect.

— 10000
-0.9998
- 0.9996
-0.9994
—-0.9992

Clasings High price Lowe prlce

Open  Closi ngs

Low price High price

Fig. 5. Pearson Correlation for Selecting Analytical Data



22  Journal of The Korea Society of Computer and Information

3. Filter Application and Performance Table 1. Application and Measurement Elements of
Validation Using LSTM Neural Networks Based on Smoothing Techniques

A2 A & XEE H|EFQ HolEHE Savitky Classification Mee:surement Measur(ement :e)lement
elements optiona
- Tk K| ®Eh - 7 7IER] o]l=m
‘GOlayv L ]‘—r‘ [eA= =} a]—l— }\_6“] ]O Oﬂ_ Experimental Train / Valid 923 / 231
@ 7ie Mgsich cho) 18T BY Jlgol A4 e I ==
ol —‘?'—7\'] Olxl= RMC= E47 slc2 ah ¥lE 30 window_size=20
o1 of Dlxl= BES BrIolES . vESR] Data Set Validation set 0.2
o %9 oA ol o3t 714 Wo] 2w FA Number of 200
Wss APl Aol Fesith BslE dojE: _ cpochs .
atch Size
LSTM %H12]5-8 EsfA akst]a AXE 024 nj2f 7} para"'n’:‘;‘f;rs , Dense 1
2 o5 g oltr] Aoh} Jlofeher] 2 BTS Actvatio
ctivation
= ‘ D
spolslr] QIck. Fig. 62 57Fol w2 ojo] Qi vlE % | Function o
[0l go|E2 olxy J}A' 02 FA|st Jajmolc}, Callbacks Eapre"{it:f;’:'?g '
. Optimizer adam
Compiling
Loss mean_squared_error
Model File Save :
| }; (Save/Restore) Format HDFS
i
ﬁ a'\'h‘ 1\.” (a) Application of LSTM Learning Model
b ‘\' wi u‘,'
N = vesariorem
. i ’j"l | 00015
M, e | 3
A ¥ A T w Juﬂn'*'r_r""“" 0.0010
\'Tﬂﬁﬁ il 00005
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3.1 Comparison of Prediction Model Algorithms: (b) Application of GRU Learning Model
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3.2 Performance Assessment Based on Filter
Application

AAIE HIoIE7} 7HR]= &/t HESRI0] 7HR]= A
T, A w7 e 9 2 o) Aot 7h s
0 715x] M8 S8 nefstEAl dssitts o] Lo
ojg 2 ok mebd A sk A R WY 1Y
o] A=hof| wet AR 36l 7he =S
glon], salrke AE Alol2 BAsh: ATtozE §
ojulgt ZitE HY 4 k= AoA o A Tl
gro] 1 Antg Uephut @k ohe- LSTM of% &
T2)5 Hg Al Qolujst AT £50] JhsT 4 gk I
Bl Aelglon, 1 4% B71E Hla A5 4 9

83 B U Usiyc

2 >

1
oS

a

= O
= TT O

kl
i)

(TA:1] B 7|99] v]8&o] I LSTM 35 &
= ul & LS B3,

[2:2] Savitky-Golay H&+ 7]#19] AL} LSTM &t
Al Ol& 45S BASH

(T71:3] X+~ 7]”@ A&t LSTM st Al o5 43

i)d

H

(T71:4] }% I'ge] gt LSTM st Al o5

a

Fig. 8. Learning Algorithm of LSTM Model Without
Smoothing Techniques
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(a) LSTM Learning Model with Savitky—Golay Smoothing Technique
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Fig. 9. Evaluation of Predictive Performance Based on the

Application of the Smoothing Technique

(Left:Predictive Performance Evaluation, Right:Loss of
Learing Training and Validation due to Epoch)
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Table 2. Comparison of Learning Loss and Validation
Loss According to Application of LSTM and Smoothing
Technique

Model&Filter Train Loss Validation Loss
LSTM 2.085 0.00026
Savitzky-Golay : LSTM 1.906 0.00012
Exponential
Smoothing : LSTM 8.464 0.00063
Weighted Moving
Average : LSTM 5.477 0.00054

Table 3. Comparison of learning loss and validation
loss according to application of LSTM/GRU and

smoothing technique(2020 times) : 365 days
Model&Filter Train Loss Validation Loss
LSTM 3.0556 0.00005
GRU 3.4426 0.00003
Savitzky-Golay LSTM 1.4659 0.00002
Savitzky-Golay GRU 47761 0.00003
Exponential
Smoothing : LSTM 7.7591 0.00009
Exponential
Smoothing : GRU 8.8429 0.00007
Weighted Moving
Average : LSTM 7.4146 0.00006
Weighted Moving
Average : GRU 6.0544 0.00006
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Fig. 10. Comparison of Neural Network Learning Models
with LSTM and Smoothing Techniques

(a) Comparison of Train Losses in LSTM and GRU Models
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IV. Conclusions
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