Journal of the KIECS. pp. 147-152, vol, 15, no. 1, Feb, 29, 2020, t. 99, pISSN 1975-8170 | elSSN 2288-2189
Regular paper http:/ /dx.doi.org/10,13067/JKIECS.2020.15.1.147

Ol =z ©) =L Ol= =
AARZAN FEe 083 AZ 7Hd=

g - wgd”
The Prediction of Bidding Price using Deep Learning in the Electronic Bidding
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ABSTRACT

The bidding program uses statistical analysis method of the collected bidding information and the accumulated
bidding results from the public/private sector; however, it is not easy to predict the accurate bidding price by winning
the bid method through multiple lottery. Therefore, this paper analyzes the accuracy of the current state data of the
electric construction bid from January 2015 to August 2019 acquired from the electric net, which is an electronic
bidding site, We use MLP and RNN method, and proposes a technique to predict the bidding amount necessary for the
winning bid by predicting the amount between the first and the lowest bidder.

I E

Deep learning, Electronic bidding, , Machine Learning, MLP, RNN
AA 9, "eld, A 2Y, MLP, RNN

.M = oml 71 el AgHE AAYD PAL B 67}

FM11E e o] Agsa ek 71 o

@A) Sl WY Has 2 4P o A4gBAANA ASsa e PEew w/w
2 WA ga JeFE(GIB Asw)eke A4 oEbE mAsE 9% gue $U% FAE 9B
BN2RE EQete] YRS ARHOE ALt & Ane] P FAHOZ ol§F dZwyoz uw
BAE AYAE AR F ARABO olFolAT 9 E GATR AW, FAE LS T A4, F

7| 2 HEH 3t akvervain0916@gmail « Received : Nov. 20, 2019, Revised : Jan. 02, 2020, Accepted : Feb. 15, 2020

.com) + Corresponding Author @ Young-Chul Bae

oW ML M ety MY MASA-AFEISSHE Division of Electrical -Electronic communication and Computer Eng. Chonnam
™ o 4201911, 20 National University,

etz el 2020, 01. 02 Email : ycbae@chonnam.ac.kr

AMEEY 2020, 02. 15

147



JKIECS, vol. 15, no. 01, 147-152, 2020

B

e mlo 12
O

5 9
oo
o
o
z,
it} o
&
ol
O
o,
Rui
o

tlo 4T it ol

i
N
)

i
2
e
ol
ol
)
N
N
finti
D)
&2
rlo
ox
o
o
v

Y =
B =g UEAZRY Foxe G
tolElE o]&ste] HHd 7|HQl vFHAESMLP
Multi Layer Perceptron), A7 AlZ%(RNN :
Recurrent Neural Networks) €i12]2S AF&3) do]
HE FX4 oz BAste JaA7tAS o S3te
Asta G2 s3] st 1509 G
[

Folurh v g d2e ol Gl Bag g
Z =
=

21 939 A EE(MLP)

MLP3[4-6]= HAAYEEZLRE o]Fo7 ZF(layer) o
e #AHeE 29w FHE A UE((feed
forward) Q1FA7ZEHelgtiE E-Th

MLP= ¥ 13 2ol 3 79 Y8 (Input
layer), 3 7| ©]’49 24Z(Hidden layer), 1]l
Z9Z=(Output layer) 0.2 FAHTE 479
T2 Y82 =ENode)EZ TAHY o5 =
T AA 71X (Weight)7h FolHl Moz |
== (Node)e ol @AY E3HS A o4F
o7 wol 43} s AH FH}E AErh
5%

y=oYwz,+b)= (W X+b) 1)

i=1

We 7FsA, X 99, b bias, o 43}
% =

=

Bl o]t

1) http://bid114.tistory.com/2
2) http://bid114 tistory.com/1

Input Dutput
laryer Hidden layer layer
Input . f lI.
kL) W
s N Wi
! 14 Output
Yy (4T 1y
! L
—_— | _'I-:li_' Kl
" T
N S ¥
Vo
O 1. oHEEHMERMLP)E #=

Fig. 1 Structure of multi layer perceptron
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Table 1. Acquisition data variable

No. Variable name Variable type

1 Construction name categorical

2 Ordering organization categorical

3 Regional restrictions categorical

4 Basic amount continuous

5 Estimated Price continuous

6 Lower bid rate continuous

7 Bid date continuous

8 1 winning companies categorical

9 Estimated Price Rate continuous

10 Price range categorical

11 Successful bid amount continuous

12 Basic contrast bid rate continuous
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Table 2. Data preprocessing for analysis
. . . Lower
Basic Estimated | Price bid Successful
amount Price range ! bid amount
rate

53338000 48489090 3| 87745 46697977

47729000 43389999 3| 871745 42352592

45534735 41395213 2| 81745 39879900

71548699 65044271 2| 81745 62575931

587224534 | 533840485 2| 86745 | 506631115

99394671 90358791 2| 81745 86688300

29376480 26705890 3| 871745 25624690

26902000 24456363 3| 871745 23472520

201597000 | 183269999 3| 87745 | 175975610

113586000 | 103259999 3| 871745 99627864

68719000 62471818 3| 871745 60246220

40000000 36363636 2| 871745 35267000

301158000 | 273779999 3| 871745 | 261742550

5) http://www.info21c.net/v4/bbsdata/chobo/inf 021c_bid_study.pdf, pp. 4.

6) http://www.jungi.net/nbid
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Fig. 3 Predicted value and Observation value graph in MLP
(dot-line : Predicted value, line : Observation value)
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Fig. 4 Predicted value and Observation value
combined graph in MLP
(dot-line : Predicted value, line : Observation value)
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Fig. 5 Predicted value and Observation value graph in
RNN
(line : Predicted value, dot-line : Observation value)
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Fig. 6 Predicted value and Observation value
combined graph in RNN
(line : Predicted value, dot-line : Observation value)
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Table 3. Regression model evaluation of MLP and RNN

MLP RNN
MSE 0.0021667685 0.034356266
RMSE 0.04654856 0.18535444
MAE 0.018996092 0.0042970236
MAPE 57.113445 3.804691
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Fig. 7 Predicted value graph in MLP
(line : Predicted value, dot-line : Actual value)
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Fig. 8 Predicted value and Actual value combined
graph in MLP
(line : Predicted value, dot-line : Actual value)
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