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Abstract

The purpose of this study is to predict more accurate construction costs and to support efficient decision making in the

planning and design stages of smart education facilities. The higher the error in the projected cost, the more risk a project

manager takes. If the manager can predict a more accurate construction cost in the early stages of a project, he/she can secure

a decision period and support a more rational decision. During the planning and design stages, there is a limited amount of

variables that can be selected for the estimating model. Moreover, since the number of completed smart schools is limited, there

is little data. In this study, various artificial intelligence models were used to accurately predict the construction cost in the

planning and design phase with limited variables and lack of performance data. A theoretical study on an artificial neural

network and deep learning was carried out. As the artificial neural network has frequent problems of overfitting, it is found that

there is a problem in practical application. In order to overcome the problem, this study suggests that the improved models of

Deep Neural Network and Deep Belief Network are more effective in making accurate predictions. Deep Neural Network (DNN)

and Deep Belief Network (DBN) models were constructed for the prediction of construction cost. Average Error Rate and Root

Mean Square Error (RMSE) were calculated to compare the error and accuracy of those models. This study proposes a cost

prediction model that can be used practically in the planning and design stages.
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Fig. 1. Steps of the research process
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Table 1. Research using artificial intelligence

Held e ol 8% ArE WA Ak B4 % o

Table 2. Selection of Variables in Prior Research

Author A field of Study Contents
Kim et al., | Educational facility | Prediction of construction cost
2008. construction cost |using artificial neural network
Han et al, Road Predl‘cttlon. of :I)f-(fi* golnstruction
2011 construction cost cost using artiicial neura
network
Cho et al., | elementary school Pred10t19 n of ‘SChO(.)l
2013 construction cost construction cost using
artificial neural network
Kang et al., Constructi s Artificial Intelligence Research
2017. OnStruction costs Trends in Architecture
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R

Author Selection of Variables
1. Gross area
Kim et al, | 2. Lot area 5. Ground floor area
o 6. No. of classrooms
2008, 3. Building area 7. Construction period
4. Underground area ' b
1. Financing type 5. Building area
Shin et al, | 2. Facility type 6. No. of floors
2012. 3. No. of classrooms 7. No. of basements
4. Gross area 8. Construction period
1. Financing type 5. Underground area
Cho et al, | 2. Gross area 6. Ground floor area
2013 3. Building area 7. School type
4. Lot area 8. No. of classrooms
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o Fig. 72 32E Rddd wgE Adsy) 9@
gAE J8 THAE =4 gket Aot (Ferry et al, 1999
Park et al., 2003)

Examele of
Application l

Unit cost/ Per student -
Unit cost/ Per seat 1 ©w o
Unit cost/ Per bed > =1

e —— g |95

Unit cost/ Per facility 2 @ 3

Floor area ratin a
Time for completion 3 & 9
Functional element cost B, [
=1
—_ E =4
Rough quansty teke-oft Feature 4 o
2
oy ot / Quantity \ s|z|S
o
composh costs / Management \ 8| 8
(=3
et etimace / Resources \ E

Fig. 7. Cost factor in Design planning Step

Ferry(1999)¢] 172 Ag3fo] AgaAToln 2A18 1
4 Table 37 o] &7 & 4 Slth

Table 3. Example of Application (Step 2, 3)

Step Example of Application
gross area, no. of classrooms(normal and
2 Space practice classroom), building area, lot area,
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Table 4. Data Summary

Gross Lot Building .. Underground Construction .
- Regular Special . Total. Cost
No. I'ype Area Area Area Area Period o
. ; ; Classroom Classroom . (One million)
(m*) (m") (m") (m) (Days)
A.01 high 15499 | 16695 4538 48 12 342 400 24263
A.02 mid 13686 | 16031 3767 41 14 421 420 22979
A.03 mid 13694 | 15001 3864 48 14 336 420 21613
A.04 | high 16822 | 17542 4773 46 13 659 428 27129
A.05 | high 16362 | 15067 4287 51 8 512 420 25787
A..06 mid 11720 | 15092 3272 34 7 495 434 18832
A.07 mid 13943 | 18928 3981 42 14 366 424 24221
A.08 mid 10864 | 21707 4116 34 8 353 390 19350
A..09 high 15781 16741 4423 50 10 456 390 26838
A.10 mid 13500 | 14320 4015 41 10 323 360 21770
A1l high 16833 | 16900 5731 54 14 492 341 25909
A.12 high 18410 | 15850 5253 59 14 352 350 26520
A.13 high 15682 | 16700 5344 42 15 371 330 25115
A.14 high 16314 | 16700 4955 43 11 2228 342 24472
A.15 mid 14276 | 15397 4440 41 12 436 339 23151
A.16 mid 13865 | 14965 4304 29 18 594 252 21419
A.17 mid 14340 | 15500 4056 35 13 206 341 23797
A.18 mid 15174 | 15536 4507 41 12 342 33 23979
4, ZAMH| 0|3 DUy & APeleln BEshe AFEEOAN JEE WD BE
A4 e Ao dolHse J#e 008 24 EF
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2 AFdAME ASEY BAS Hste] sd=xdAdv|edT I A4S volHE MER AAS wx fAEs & St
ol A gk AATA A FE o] gsto] BT Atk Z 18709 dHlolE F 1I/hE 85§ dHlolH, 37ME
A4 F A 4=(Construction Cost Index)E "AXEAL 715 dHlolHZ F&E3H, 15 H7FE HolHE 3%
of BQHE AH IR gaoR SAAR@ReR] B Rdel Fx: 0F WERY FAL A gow,

P IS BAE 10002 Sl AR, ¥, F
W OE AR FQAL dE BAEES 245 99
A8 AEA AR"om Aok EHKICT, 204
B Aol A8 FAATE 0108
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54 A3

Table 5. Construction Cost Index by year

classification january trends by year

year 2015 2016 2017 2018
construction |4 1134 120.4 12538
cost index

Aolg mold S| #AF 2 4 Ak ¥ AFelME
ol #AE WA] fate] wloleg EEseta %

40 F=uSA A= 257 A6E B

of RS A & Ao, waES 33 A
o] A= o]FAHE=A
RMSE(Root Mean Square Error)Z
Hol& mhetuE Rdo] &7 ’5} s=g RMSEh B
A A=A oA RFEAAE & & e B

Aot RMSEE th&<) 3t 2,

_IN r# e

n = The number of data points
= Represents observed values

Y;
Y, = Represents predicted values
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1 #Hyper Params
2 activation_opt <- c("Tanh", "Rectifier”)
3 metric_opt <- c("auTo","deviance","MSE")
4 Toss_opt <- c("Automatic”,”quadratic”,"Huber”, "aAbsolute"”)
5 rho_opt <- ¢(0.5,0.7,0.9,0.93)
6 epochs_opt <- c(500,600,700,800,900,1000,1200,1500)
7 TM_opt <- (0, 0.00001, 0.0001, 0.001, 0.01, 0.1)
8 12_opt <- c(0, 0.00001, 0.0001, 0.001, 0.01, 0.1)
9 hyper_ANN <- Tist(hidden = Tist(c(1),c(2) ,c(3), c(4), c(5), c(6),c(7),c(8)),
10 activation = activation_opt,
11 rate = ¢(0.1,0.01,0.005,0.001),
12 rate_annealing = c(le-8, le-7, le-6, le-5),
13 stopping_metric = metric_opt,
14 input_dropout_ratio = ¢(0, 0.1, 0.2,0.3),
15 Toss = loss_opt,
16 rho = rho_opt,
17 momentum_start = c(0.8, 0.5),
18 momentum_stable = c(0.99 ,0.8, 0.5),
19 epochs = epochs_opt,
20 epsilon = c(le-10, le-8, le-6, le-4),
21 11 = 11_opt,
22 12 = 12_opt)
23 search_criteria <- list(strategy = "RandomDiscrete”, max_models = 500,
24 stopping_tolerance = 0.001,
25 stopping_rounds = 20,
26 max_runtime_secs = 900 )
27 deep_grid <- h2o.grid(" dee;ﬂearmmq
28 grid_id = "deep_s qmd
29 X = X,
30 Y=Y
31 standardize = TRUE,
32 training_frame = deep.train,
13 validation_frame - deep.valid,
34 seed = 1,
35 nfolds = 3,
36 hyper_params — hyper_ANN,
37 search_criteria = search criteria)
38 grid_rmse <- h2o.geterid(grid_id = "deep_grid",
39 sort_by = c("rmse"),
40 decreasing = FALSE)
41 print(grid_rmse)
42

Fig. 8. Hyper Parameter in R and Java
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Table 6. Hyper-Parameter results (ANN)

ANN Model Hyper-Parameter
Activation Rectified Linear Unit
Epochs 503
Hidden Layer [8]
Dropout ratio 0.2
Learning rate 0.01
Momentum 0.8
RMSE(Validation) 1046
dtol¥ dEtulg R Mel®l ANN 2o wh5ehs 314
7} 5038] 0] a1, 243} st ReLurl A3 Ao e}
Stk ANNE 2432 9ZoR /pE wde xE 4

= 7L Vg AjE ASE ey
TS Fig. 9= slo|d Fafugz Aus 2dS
i 7} dolg o] FAMS d=3dly] &) 23

oJt.

47 #ANN Model

48 best_aNN_model <- grid_rmse@model_ids[[1]]

49  ANN_model <- h2o.getModel(best_ANN_model)

50  anNN_model_perf <- hZo.performance(model = aNN_model,
51 h2o.rmse(ANN_model_perf)

52 best_predl <- h2o.predict(ANN_model, newdata - deep.test)
53 best_predl

54  summary (ANN_model)

newdata = deep.test)

Fig. 9. ANN Modeling by Hyper Parameter
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Table 7. Error rate & RMSE of ANN model
ANN model Error rate RMSE
Test 1 0.32%
Test 2 2.19%
Test 3 19.6% 2115
Test 4 0.03%
Average Error Rate 5.54%

A A ANN Belo A o 2g FApH] ]
At oAER YEhE, e
2}

LakE

oA%e 4o ves
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m

|DO— A0

Error Rate (%) = 70

<100

E |Brror)) /n

i=1

Average Frror Rate (%)

DO = Desire Output
40 = Actual Network Output
= "{" th Error Rate

Error,

4709 H7h dolH R d&H FAMES] Hi QA&

5:54%0131, 7} dlolgel] 9 2x& W7k ok 0.03%
oM 1959714 4F3] We Welth o RS W
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1) DNN
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Shie s Edolth stolv] el = DNNe| 5]
SHTE v 9@ Aol RMSE 7o R 5ol 7}
d HdE == 55 A4
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Table 8. Hyper-Parameter results (DNN)

DNN Model Hyper—Parameter
Activation Hyperbolic Tangent
Epochs 1503
Hidden Layer [10, 10, 10]
dropout ratio 0
Learning rate 0.1
Momentum 0.8
RMSE(Validation) 1589

FAFA A=A A5 A6E T A2E 20189 119 41



Table 9. Error rate & RMSE of DNN model
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].

HolE g dS5e 23}, o

DNN model Error rate RMSE
Test 1 0.38%
Test 2 9.20%
Test 3 5.152 926
Test 4 1.02%
Average Error Rate 3.94%
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Table 12. Comparison of DBN, DNN, ANN
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Table 10. Hidden layer test of DBN model
Hidden Layer RMSE
C (10,10,10) 820.1
C (20,20,20) 760.4
C (30,30,30) 601.7
C (40,40,40) 1358.4
C (50,50,50) 1436.1
C (60,60,60) 1511.0
C (70,70,70) 1818.3
C (80,30,80) 1401.6
C (90,90,90) 1859.2
C (100,100,100) 1966.5
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Table 11 Error rate & RMSE of DBN model
DBN model Error rate RMSE
Test 1 4.11%
Test 2 2.26%
C (30,30,30 T 9
(30,30,30) Test 3 1.81% 6017
Test 4 1.03%
Average Error 230%
Rate
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Classification RMSE Average Error Rate
DBN Model 601.7 2.30%
DNN Model 926 3.94%
ANN Model 2115 5.54%
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