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Experimental Study on the Short-Term Prediction of Rebar Price using Bidirectional
LSTM with Data Combination and Deep Learning Related Techniques
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Abstract : This study presents a systematic procedure for developing a short-term prediction deep learning model of rebar price
using bidirectional LSTM, Random Search, data combination, Dropout. In general, users intuitively determine these values,
making it time-consuming and repetitive attempts to explore results with good predictive performance, and the results found
by these attempts cannot be guaranteed to be excellent. With the proposed approach presented in this study, the average
accuracy of short-term price forecasts is approximately 98.32%. In addition, this approach could be used as basic data to
produce good predictive results in a study that predicts prices with time series data based on statistics, including building
materials other than rebars.
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oile] A 714, 7L WAIZHC] AIAIE EloE 9 Hed
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3.1 XS

K| &=8k5(Supervised Learning)S BAIAQl AH0] Z20]
2l Aol A AFHE stsAl7= O, HolHY §4
g EOIZ g2 &S HOlIson, 2008). & HLojAE 7]1E
9] 7140l & Aokl 10| ARZ2% Supervised Learning®]
§F 701 RNN, LSTM, BRNN thsh o]25 11&e 4AIG
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0l&} OJFOIX|R] &= 71€7] A4 (Vanishing
gradient) 7} HHESHHGao et al,, 2019). O]= 1HAQ] Sk52
7} A& &719124 (Long-Term dependencies) &
AIE QPIAIZICHTrinh et al, 2018).

3.1.2 BRNN

RNNE g =AE AlRE AtE Aglsh] Mz of
23171 AA ifHE 78O ol e Hol= S
7} Ut o]t SHAIE sidstr| flall BRNNO] Al QFe| Q{Ct
BRNNE A= GIEEA] P F 7i9 24EE 7R le
H, SHskht Usto g Bl ool dW e Sl SsAl
717] 2ol oIS EETE SAAIZITE AHFS F 9] 2
UASCRE AEHq, EHASAAE F 719 24AZY
EH0| SlLZ A g B2 2 713 Al 2EZE
& SHHSchuster & Paliwal, 1997).

3.1.3LST™M

LSTME RNN9 7|2717F AFgtAlE Long-Term
dependencies EAIE =5517] flaf MOk el
Zolth Al AElE SAISPEA] Input, Output, Forget A|0]
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3.6 Dropout

Srivastava et al. (2014)= WA 2RIE &1Zd517] Lk
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EXOE AIEoHA Z2O2H WEEE WXloh=s 7]=0]
T} 1241 Ol= HElo] Aulsh dsg SHAIZICE Dropout
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o FHES =X O ALESHA =t Y9 HIg 1.02
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Table 1. Variable and Independent Variable

LSTMIt G OEf et 8! Eof'd 2 J|M e 2ot B 712 th|ol =0 2ret Ay ol

A SARRE 78O R HOJHAlE FFSIT] 18]l e
2 TRVt $/TonZ HBAIE]= O &Hoto] HsH B2l
£ & &l

(Table 1)< HOJE Q] ID&} EXE HOIELE O] HO]
B Fghe 2003E 1€9RE 2020 3€7HA] o & o=
CSV (Comma-Separated Value) Ut =2 AT]SIACE &
HIOJE = MinMaxScalerg AFE0I0] H113lstALt.

5. Hi2id BY 7% U A2 HAHYE

B O7Loj A= LSTMY}F BRNNS Zglst &HISF LSTM
(Bi-LSTM)S A&ttt QoA Ayst ZxH LSTMt
BRNNL 7JA1E RNNOE LSTME 7187] 44 BAE =
=5}, BRNNS aight, ouisko] 24 & odiks s
O o5 5s SAARICEL oIEF2 AIEA ZoI2 ol T
OJH 9] thz gholl siEah= E 7HZoIt) &, o AIFnhch
R 29| 2 7H g ollSote s AEE QI T18]al 0]
HEo] =9 ofo]H m|E= (Table 2)QF ZTE 71 Q]of
Al2E] FHo]] Thot AFFE (Table 3)at ZTH

Table 2. Hyper parameter and Description

Hyperparameter name Description

Sequence length (Seq.) Row length of input data

Learning rate (Lrate) Gradient descent learning speed
Hidden layer (Hid.)
Iterations (lters.)

keep_prob(DO)

Hidden layer inside the cell

[terative learning

Dropout rate

Table 3. System configuration and specifications

Divide Program information
oS Window 10
Visual Studio Code, Jupyter

Programming Tool

virtual environment anaconda 4.7.12

General-Purpose computing on Graphics
Processing Units, GPU

Language

CUDA 10.0

Python 3.6.5
Tensorflow 1.15.0 - GPU

Deep Learning Library

Algorithm Bidirectional Dynamic RNN, LSTM

D Name Source

A | import price index(rebar and bar steel) | Korea National Statistical Office
B the producer price index(rebar) e-National Indicators

C Dubai crude oil e-National Indicators

D Brent oil e-National Indicators

E West Texas Intermediate e-National Indicators

F scrap iron(Unit price) e-National Indicators

G scrap iron(the amount of imports) e-National Indicators

H rebar production volumes Korea National Statistical Office
I construction statistics Korea National Statistical Office
J Rebar price 0.560 SD300, general Korea Price Information

F51 stoly uletnle BV ke AlZstal] Qs
Python 37K REE (Table 4)Q} ZT}. Dropout #|0]0]=
Cell9] THZOf YIRIAIA Cell9] EHFo A %A &5t
QACk 12l stolw akehalE =gl ElojHE datls
4 Q= pUS o2 Folgty, UojEE est Fgol
A FERIZ HOIHAlE AEisto] AERE HoJEAIO] A
7179] 10%E shsoll LIHA] 30%E EIAE AlEsHeS
ArsEe A AEsIt nAao2 FojE HE 9] 510]
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Table 4. Package information

Package Package information
matplotlib 3.1.1 Results Visualization
numpy 1.16.5 Array
sklearn 0.23 RandomizedSearchCV
AlS] HFEH
6. 2 Uy

A Mg oS5 flal &2 ATolAlE AFs 10719]

Z5510] Random SearchS O1&3l 242t9] H|o]
B ZgolA F2Rl2 AlEjE golE 9} slold ulhE X
AolE sSAlof ZASIE TlolE ZfolA] SE5H4Ql T=
o ZTHA Ho[HZ E TlolEAl] EEH 7] mhEol Hlo]

Table 5. Number of data combinations

combination 9C2 | 9C3 | 9C4 | 9C5 | 9C6 | 9C7 | 9C8 | 9C9

Number of cases 36 | 84 | 124|126 | 84 | 36 9 1

EM] IPE 2 Random Searcholl OJal ZH2¥0] ZgtofA]
O|EIE FAIQIZ Aeistal, A% slolEof st stol 1t
ZHHE FARI2 1k6to] BAS 4=3lISit) B6t o] 242}
9] Il = Test 9] AAIZLAE ol S5koll ©Jst RMSEZ}
AFEE] AL HOJHALS] 71 miAut REg AJAA o] g
= 9101} sisE Rdlo] QEHolHZE ARESHo] HIOEAl
O] HQIE HlojH 0]29] 1Y 714, & 2020 48 0155
o] EHoit) o= FEglE HE] AF SHEE gl
517] ~EIT] TI8lal B AIAIZE AA| 20204 192E 4
H7HA] 610,000 0.2 7149 WSkt gl AEfo]7] mhEo]
7Va mpAet HolH 9] F 7140] 2= FAIQ1 20034 1
2R 20199 1171, slEfshs FA1Q1 2003 18R]
2017 TE7IK] 271K E H I St HIoJEALE 71E9] To]
EAloIA] 71 Ags) o Ao] IbEat 242 WA O o F
21tE £9 9 gricto] =E HolHol tist S2te &
HI2A 0|&8+=A] 0lsH} Random Search® 3to]i i}
ZHIE B Q)= 85E 0.1 ~ 0.001, AJAA Z0o] 2 ~ 40,
L= 4210 ~ 500, sks2F 100 ~ 7000, Dropout Hl& 0.1 ~
0.999] F| 4, F|thgt HQ| ol A FARL] 2 AEiE] 51, 2420
28 100814 & 800819 o] W g HHESIth delal 2+
Z}9] Zgtof|A] B 100719] Ak TS A1(3)of 25l 2

47 stzAspess] =27 H21H HeS 20204 119

P = 1— (TrainR — TestR) (3)

TrainR @ %27 RMSE
TestR - Test23 RMSE
P FHEFE A 0999 < p <1

Al(3)2 S5 RMSEQ} Test RMSEQ] &F7} 13} 0.999 O]
Ul g4 Zitg Adsty] Qs ARgs Ao, olof T
st g Qloll (Fig. )E 76l (Fig. 19| Aik=
Dropout®| &g AZ9| 58 157 10007K] 14 7t
THOIC} Train RMSEQ} Test RMSES £4510] £9] A
W3S 7|Z6t A1O|TE DropoutS AF2SHA] ZOMH (Fig,
O] (W2} 0|8 FEFOZ Ffist (09 &o] Yuts oz
Test RMSE7} Train RMSE O|AO 2 ZH46}A] H6trt. &}
AEt Dropoutg AHEE A< (Fig. 1)9] (B)2 OF Etish
(D)2} 20| k50| 5715 ka9 JEiZ A4S &
451, Train RMSE O]& O & Test RMSEZ} Z46h= Z1&
go1g} 4= I} 0] W20l Test RMSE: Dropout®] A& &
HOH 448 4= QUoh ST sksd st HAEE 59 A0
7V AW JeiEgof ot RElo] AutsHGeneralization) &
Al 5ot Ejol7] o] BlolE <] HMPIE Hoft gHs o
=g 4% Yoks 29t TE g2 o5 7Rl Atk
TIEhA] 2 o)Al ARSSH= Stoli uiehalE BEAERHOI
Random Search:= Dropout®] Q2IZ+S SAl0] EMEH] )
Hof BT HoA skedsit HAEL S APt &2
AUE AT 4= =S A(Q)E FIIGIRLE O|F 01E &
&} A% A= Test RMSEZF LS O 8 TAFOR A
H5l0] ZSAESITE nAHo R FSAEE Ao 7|15
H Ho[H 9] HRIE Hlojt 0]29] 1€ 7HAE AlAIgat HI
woto] Y9 o &y ss Uit

(A) Without dropout (B) With dropout

RS AVAVAVAVAVVAAVAVVVAVAVAVAVAUN VS

(C) Image magnification (D) Image magnification
(Without dropout, 800 ~ 1000) (With dropout, 800 ~ 1000)

Fig. 1. Example of Visualization Comparison



OFHtSE
o

Al

£l
E=’

7. At

A 7HolSE 28l Akgst 10719 HlolEE Xgsto]
Random Search& EMHSH Z}2E0] HjolE AEFE oAl Pgt
It Test RMSE =02 A¥SH 41F Zik= (Table 6)1} 2
C} J2lal o] & ol 9] 71a nix|e} F 7HH0] Q2=
ZA191 20038 1€5E 20179 TE7HK|9] HOJEAIS AL
gl Dgst Ag oA 7HE 245 S5 5S UE
W 9C4 ElOJE B, F, G, 101 2013 42 ~ 2017 T27HK] Q]

Table 6. data combinations and random search results

LSTM2} | O] Ef X&HErAH Ol Elau]

s
i

[eh<]

Test RMSE= 0.02375% O|& EE3K(Standardization)sHH
OF 24,700910] Bt A&t XS LERT, 015 A2kt
k= (Fig. 2)9F ZT} 12111 HoJEAIS] HQIE Hofudt
0]Z9] 19 71491 2017 89| oIS 6684009 O
ARIZE 675000993 OF 6,600992] XFO]2 9C49] Test RMSE
HEstot M9l ol gte dlSstRon, ol AR
OF 99.02%9] ALEE o Fotert HolEH 9] 74& mixjet
A 7H40] sigteh=s FAI91 20039 1”€EH 20199 1€
7HR19] HOIEAS ARSSl Talish AE Autof|A] 71a 24

E
=

Standardization Test

Combin dataset Lrata Seq Hid lters Do RTl::I.:E RT\?IS;(E Test RMSE P RMSE (\7\;2‘:‘)
(Won) Rank

2017.7
9C2 E,G 0.07377 17 321 5079 0.60690 0.02853 0.02803 29,200 0.99950 8 645,400
9C3 CD,G 0.07429 3 425 6286 0.68566 | 0.02775 | 0.02700 28,100 0.99925 6 650,700
9C4~ B,F, G,I 0.05101 14 275 4423 0.70756 0.02419 0.02375 24,700 0.99956 1 668,400
9C5 A EFG,I 0.02458 7 334 6943 0.64823 0.02698 0.02675 27,900 0.99978 5 645,000
9C6 B,C EFG,I 0.01192 34 447 4922 0.66360 0.02471 0.02471 25,700 0.99999 2 672,500
9C7 A CEFGH,I 0.01185 27 356 4728 | 0.60280 | 0.02669 | 0.02642 27,500 0.99972 4 684,700
9C8 A B,CD,EFGH 0.04129 37 235 6373 0.53722 0.02629 0.02618 27,300 0.99988 3 665,800
9C9 A B ,CD,EF G HI | 008264 29 459 1868 | 0.45788 | 0.02775 | 0.02771 28,800 0.99996 7 680,300

2019. 11
9C2 B, I 0.03767 8 477 2969 0.65006 0.03134 | 0.03111 23,600 0.99979 7 661,900
9C3 D,G,lI 0.02398 38 269 2661 0.69087 | 0.02917 | 0.02845 25,000 0.99927 6 657,500
9C4 E F G,I 0.05652 38 427 2336 0.93379 0.02688 0.02630 27,400 0.99942 3 654,700
9C5 B,D,E G, H 0.08402 32 335 1819 0.71480 0.02753 0.02715 28,300 0.99961 4 650,600
9C6 A CD,F G,I 0.08586 9 181 3796 0.61096 0.03299 0.03278 26,300 0.99980 8 655,200
9C7 A CD,EFG,I 0.03758 37 162 2645 0.92502 | 0.02591 0.02571 26,800 0.99980 2 644,300
9C8 A B,CD,EG,H,I 0.09968 16 295 1019 091113 0.02881 0.02763 25,800 0.99903 5 655500
9C9* A B,CD,EFG,H,I 0.06567 37 32 4782 0.85645 0.02543 0.02527 26,300 0.99984 1 649,000

2020.3
92 B, G 0.06848 20 496 6900 0.66560 | 0.02822 | 0.02735 25,500 0.99912 6 624,500
9C3 F,G,H 0.06769 35 353 1220 0.79602 0.02711 0.02696 28,500 0.99984 5 616,200
9C4 C D, EI 0.03825 10 326 2416 0.93971 0.02708 0.02667 21,900 0.99958 4 601,600
9C5+ A CEGH 0.08589 12 162 5499 0.80873 0.02554 | 0.02466 23,000 0.99911 1 603,200
9C6 A D,EF GH 0.05481 34 106 2106 0.78411 0.02530 | 0.02468 25,700 0.99937 2 627,500
9C7 B,C,D,F,G,H,I 0.08439 19 214 4529 0.37001 0.02774 | 0.02767 25,900 0.99994 7 628,000
9C8 A,B,D,E F G,H,I 0.07108 29 476 2015 0.52974 0.02658 0.02596 27,000 0.99938 3 628,700
9C9 A B,CD,EFGH,I 0.08087 12 132 5388 0.42928 0.03193 0.03103 29,000 0.99910 8 619,900
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Fig. 2. Test period prediction (2013.4.~2017.7.)
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Fig. 4. Test period prediction (2015.1.~2020.3.)
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