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Experimental Study on Long-Term Prediction of Rebar Price Using Deep Learning
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Abstract : This study proposes a 5-month rebar price prediction method using the recursive prediction method of deep learning.
This approach predicts a long-term point in time by repeating the process of predicting all the characteristics of the input
data and adding them to the original data and predicting the next point in time. The predicted average accuracy of the rebar
prices for one to five months is approximately 97.24% in the manner presented in this study. Through the proposed method, it
is expected that more accurate cost planning will be possible than the existing method by supplementing the systematicity of
the price estimation method through human experience and judgment. In addition, it is expected that the method presented in
this study can be utilized in studies that predict long-term prices using time series data including building materials other than
rebar.
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Fig. 1. Input data and prediction output data by prediction time
(Choi and Lee, 2020)
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Table 2. Hyper parameter and Description

Hyper-parameter Description

Sequence length(Seq) Row length of input data

Learning rate(Lr) Gradient Descent Learning speed
Hidden layer(Hd)

lterations(Iters)

Hidden layer inside the Cell

[terative learning
Number of LSTM Cell layers

Dropout rate

number_layer(nL)

keep_prob(kp)

4.2 O|o|E{Al 71°d

H 1A= Lee and Kim (2020a)2] ATLolA H
dJog A 7HE g tr|olSat] Qo Alest € AlA
A HiolH E4g Y9 AFaIRAT. tIolE Q] SR} g
Eg FE] Yl AF23H= IDE (Table 3y 2T HE
HIOJE1E 20038 1€RE] 20208 3€7IK] I0E 702

Comma-Separated Values (CSV) Tt = AE| 6L}

ool

Table 3. Data information

AFoMe 2 7HH0 0 Aot HEg HMot
71 QI8 RNN, LSTM Z12]3l BRNN LSTME Zglst ID Name source
Bidirectional LSTM(Bi-LSTM)S &l 2 7] 7].7]. =S| Sk } A | Import price index(rebar and bar steel) | Korea National Statistical Office
T Bi-LSTM % Cell 1ayer§ 2_’5 7]_ %](é} %]' Y O1E§ Stack B The producer.pnce |nd-ex(rebar) e-NatfonaI Indfcators
C Dubai crude oil e-National Indicators
Bidirectional Dynamin RNNZ x7}o}oj]:} L Q]Oﬂ A]/\Eﬂ D Brent oil e-National Indicators
T AFEE 7R FE = (Table 1)1} AT E West Texas Intermediete e-National Indicators
F Scrap iron(Unit price) e-National Indicators
Table 1. §ystem cpnfiguration specifications and package 6 | Saap ron(the amountof mpors) eNatioral Indicators
information
H Rebar production volumes Korea National Statistical Office
Classification Program information [ Construction statistics Korea National Statistical Office
Operation system Window 10 J Rebar price(0.560 SD300, general) Korea Price Information

Programming Tool Visual Studio Code

General-Purpose computing on

Graphics Processing Units Cuda 10.0
Graphics Processing Unit RTX 2080 Ti
Language Python 3.6.5

Deep Learning Library Tensorflow - GPU 1.15.0

matplotlib 3.1.1

Data Visualization

numpy 1.16.5 Array
sklearn 0.23

RandomizedSearchCV Train_test_split
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def build dataset(data, seg):

dataX = []

data¥ = []

for 1 in range(8, len(data) - seq):
x = data[i:i + seqg, :]
_y = data[i + seq, [-1]]

dataX.append(_x)
dataY¥.append(_y)
return np.array(dataX), np.array{dataY)

Fig. 3. Data processing process for short-term prediction of the
recurrent neural network
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Fig. 4. Prediction method of rebar price using recursive Short-Term Forecasting Method
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| it RTI::?E II:/IS?E ;:ns*sze 1r:r::th /3332' Ac(c;:?cy
RNN | 0.04682 | 0.04768 | 0.04760| 93.22 87.70

A | 1STM [002361]002407 | 0.02390] 104.05 | 10629 | 97.89

BI-LSTM | 0.01855 | 0.01954 | 0.01881 | 105.92 99.65

RNN |0.05243 | 0.05327 | 005287 | 103.97 94.95

B | LSTM |002287002373]0.02309| 10640 | 10950 | 97.17

BILSTM | 0.01532 | 0.01622 | 0.01612 | 106.85 97.58

RNN | 0.02542 | 0.02620 | 0.02600 | 630,000 96.83

3 | 1s™™ [0.02553 002606 | 0.02599 | 629,000 | 610,000 96.98

BI-LSTM | 0.02586 | 0.02623 | 0.02602 | 628,000 97.13
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Table 5. Second experiment result (2020.4.~2020.9.)

RMSE(x1000) MAPE(%)
Taget nf;‘:h Train Test1 Test2 Test1 Test2
1st 2nd 3rd 1st 2nd 3rd 1st 2nd 3rd 1st 2nd 3rd 1st 2nd 3rd
1 | 1855 | 1567 | 1559 | 1954 | 1661 | 1605 | 1881 | 1563 | 1564 | 173 | 157 | 146 | 163 | 141 | 133
2 | 2025 | 1700 | 1642 | 2110 | 1784 | 1679 | 2074 | 1635 | 1651 | 198 | 169 | 169 | 189 | 126 | 130
o |3 [ 1643 | 1849 | 1787 | 1699 | 1928 | 1865 | 1646 | 1700 | 1847 | 156 | 178 [ 167 | 142 | 151 | 145
4 | 1481 | 1594 | 1363 | 1537 | 1677 | 1429 | 1522 | 1643 | 1422 | 144 | 150 | 130 | 120 | 141 | 126
5 | 1552 | 1320 | 1841 | 1629 | 1375 | 1893 | 1629 | 1348 | 1865 | 140 | 124 | 167 | 140 | 112 | 137
6 | 1528 | 1587 | 1698 | 1592 | 1665 | 17.85 | 1545 | 1623 | 1699 | 149 | 156 | 157 | 127 | 138 | 140
1 | 1531 | 1787 | 1557 | 1622 | 1849 | 1579 | 1612 | 1308 | 1567 | 115 | 135 | 111 | 113 | 079 | 103
2 | 2252 | 1645 | 2439 | 2349 | 1738 | 2539 | 2313 | 1658 | 2458 | 167 | 110 | 169 | 168 | 112 | 182
o | 3 [ 2018 [ 157 [ 2051 [ 2105 [ 1647 | 2148 | 2093 | 1277 | 2097 | 151 [ 123 [ 125 | 153 | 085 | 156
4 | 1427 | 1631 | 2493 | 1525 | 1682 | 2552 | 1440 | 1298 | 2511 | 091 | 124 | 175 | 088 | 098 | 193
5 | 2149 | 1761 | 1306 | 223 | 1849 | 1401 | 2186 | 1757 | 1342 | 167 | 126 | 102 | 142 | 101 | 097
6 | 2481 | 1940 | 2200 | 2553 | 2019 | 2287 | 2528 | 1986 | 2276 | 183 | 136 | 148 | 193 | 112 | 144
1 | 2586 | 2652 | 2622 | 2622 | 2671 | 2721 | 2601 | 2665 | 2651 | 232 | 239 | 237 | 213 | 225 | 225
2 | 2456 | 2683 | 2497 | 2484 | 2760 | 2594 | 2473 | 2659 | 2566 | 191 | 232 | 202 | 233 | 203 | 228
, |3 [ 2507 [ 2652 | 2592 | 2599 | 2733 [ 2686 | 2541 | 2644 | 2668 | 206 | 226 | 227 | 198 | 228 | 2.6
4 | 2618 | 2537 | 2472 | 2701 | 2632 | 2566 | 269 | 2564 | 2535 | 225 | 228 | 192 | 230 | 208 | 236
5 | 2746 | 2546 | 2523 | 2824 | 2643 | 2615 | 2783 | 2516 | 2549 | 234 | 212 | 208 | 215 | 223 | 228
6 | 2676 | 2458 | 2580 | 2774 | 2523 | 2679 | 27.02 | 2515 | 2637 | 234 | 205 | 224 | 236 | 207 | 208
BE tH]0IE(t+1)5IUCE (Table 4)E AHEM LSTMIH Table 6. Predicted result of the second experiment
Bi-LSTMOE B, J& oI5t dik= 1% njvte] geiie &} Pred | Actual Predict Accuracy(%)
0|2 Bi-LSTMO] T L}2 o|ZFS T2 LIERIOL}, AZ ¢ Ter9etonth) value | 1st | 2nd | 3rd | 1t | 2nd | 3rd | Ave.
=3} ATJA= Bi-LSTMO] LSTMKL} OF 1.76% =< 0] 1 11062910592 | 10469 | 10457 | 99.65 | 9849 | 98.38 | 9884
=3I 70|12 LIERICH RNNS LHA] & SElsr} of 2 | 10640 | 10621 10449 | 10429 | 9982 | 9820 | 98.02 | 9868
RS LS ATIS LED, melk AR 23S 5 o |3 [10479] 10303 ] 10539 | 10354 | 9832 | 9843 | 81 | 985
4 | 1041710400 10378 | 10363 | 9984 | 99.63 | 99.48 | 9965
O|%9] oAl = Bi-LSTM S ARSI Zei5IAT 5 | 1035510353 10490 | 10562 | 99.98 | 9871 | 98.04 | 9891
= HR) Alse 20039 1”9RH 20208 3€71K19] HOJH] 6 | 1036 | 10275 | 10483 | 10558 | 99.18 | 9883 [ 98.12 | 9871
Ae (A B ), B, A), (A ] BE Bi-LSTM Hdof 2+ ¢ 1 | 10950 | 10685 ] 110.74 | 107.25 | 9758 | 98.88 | 97.94 | 98.13
FEoHz /\}33}1 0|2 Ohx] ATE} HREE o] =HIA O 2 | 11083 | 1088110820 | 109.01 | 98.18 | 97.63 | 98.36 | 98.06
2 0020 492 ARFOZ 927HK] A o|ETS =E5H9 5 | 3 [11065] 1092310811 [107.94 9872 [ 97.70 | 9755 | 9799
TS aml Al = s 4 | 10965[107.05| 11100 10690 | 9763 | 98.78 | 9749 | 97.97
o Jdelal o ‘L}OE 3% 2lAJsto] (Table 57, (Table 6)2 5 | 10044 | 1044911670 | 10581 | 9548 | 9378 | 96.68 | 95.31
= FrloiRict 6 | 1094410512 | 11559 | 10197 | 96.05 | 9468 | 93.17 | 9463
(Table 5)y= o=t} o= 717 A XIAEE S5 1 |610,000|628,000(627,000|624,000( 97.13 | 97.29 | 97.76 | 97.39
HOlH, HIAEL HAE0] st =45S =A-510] 7] 2 |660,000]632,000647,000(632,000| 9576 | 98.03 | 95.76 | 96.52
=5 271 MAPES E4) 288 277} LER: oRs , |3 |670000]644,000]657,000]638000] 9.12 | 9806 [ 9522 | 96.47
BHIE (%) SI018 2 9T} (Table 6)S (Table 590 2 4 |660,000|654,000]650,000/640,000 99.09 | 9848 | 96.97 | 98.18
7 5 |670,000]653,000|666,000(644,000] 9746 | 99.40 | 96.12 | 97.66
7} UEH= 21219 o= 7IRTE Hlo[E| o] HelE Hojd 6 |670,000]635,000|719,000(611,000 9478 | 93.18 | 9119 | 93.05
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Fig. 5. Visualization to compare actual values with predicted
values
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