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ABSTRACT: It is very important to accurately predict construction costs in the early stages of the construction project. However, it is
difficult to accurately predict construction costs with limited information from the initial stage. In recent years, with the development
of machine learning technology, it has become possible to predict construction costs more accurately than before only with schematic
construction characteristics. Based on machine learning technology, this study aims to analyze plans to more accurately predict
construction costs by using only the factors influencing construction costs. To the end of this study, the effect of the error rate according to
the activation function and the node configuration of the hidden layer was analyzed.
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Table 1. Result of ReLU activation function

Table 3. Result of swish activation function

Case Activation function Results Case Activation function Results
- loss : 662734.0000 . - loss : 449178.5938
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Table 2. Result of LeakyRelU activation function

Case Activation function Results
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1 LeakyRelU - mae : 223.8260
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Table 4. Error rates by activation function

Case Activation function Error rate

1-1 sigmoid 96.3%
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1-6 tanh 94.82%
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Table 5. Model configuration of cases

Case Learning node progression Results
Type Case Hidden node - .
1-1 100 -5 64 ->32 -5 1 loss .-121;6523.15;5362
1 1 100 -> 64 ->32-> 1 -mae : 415.
1 2 100->50->20->1 167 Train and Validation Loss 107 Train and Validation MAE
1 3 100 -> 100 -> 100 > 1 i |
1 4 100->90->80->1
1 5 100->20->10->1 5
1 6 100 -> 10 -> 10 -> 1 £
1 7 100->10->2->1
2 1 200 -> 100 ->50 -> 1 z
2 2 200 -> 150 -> 100 -> 1 0
2 3 200 -> 190 -> 180 -> 1 ST e S e ™
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2 5 200 -> 20 -> 10 -> 1 Case Learning node progression Results
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Table 7. Cases of activation function and hidden layer[Type 3]

Case Activa_tion Learning node progression
function
3-1 200->20->10->1
3-2 ELU 100 -> 64 ->32-> 1
3-3 200->180-> 160 -> 1
3-4 200->20->10->1
3-5 LeakyReLU 100 -> 64 -> 32 -> 1
3-6 200->180-> 160 -> 1
3-7 200->20->10->1
3-8 swish 100 -> 64 ->32-> 1
3-9 200->180-> 160 -> 1
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Table 8. Result of “ELU + case 2-5"

Case Activation function Learning r!ode Results
progression
- loss : 237538.5000
3-1 ELU 200->20->10->1 | mae : 2333777

17 Train and Validation Loss 1o7 Train and Validation MAE

— tain_loss
— val_loss — \al_mae

— rain_mag

0 200 400 600 800 1000 0 200 400 600 800 1000
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Table 9. Result of “ELU + case 1-1”

Case Activation function Learning r!ode Results
progression
- loss : 237067.3281
3-2 ELU 100->64->32->1 | mae - 205.9805

167 Train and Validation Loss 1e7 Train and Validation MAE

— train_oss — train_mae

— val_loss — val_mae
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Table 10. Result of “ELU + case 2-4"

Learning node
progression

Case Activation function Results

- loss : 73595.6875

200->180->160->1| mae : 127.3226

3-3 ELU

1e7 Train and Validation Loss 167 Train and Validation MAE

— frain_loss — frain_mae

— valloss — val_mae
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Table 11. Result of “LeakyRelU + case 2-5"

Table 13. Result of “LeakyReLU + case 2-4”

Case Activation function Learning r!ode Results Case Activation function Learning ITOde Results
progression progression
- loss : 87543.6719 - loss : 227011.7969
3-4 LeakyReLU 200->20->10->1 | mae - 185.1029 3-6 LeakyReLU 200->180->160->1 | mae : 231 6230
167 Train and Validation Loss 167, Train and Validation MAE 167 Train and Validation Loss 167 Train and Validation MAE
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— val loss — val_mae

0 20 40 &0 &0 1000 G 20 40 &0 80 1000
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Table 12. Result of “LeakyReLU + case 1-1"
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Table 14. Result of “swish + case 2-5”

Case Activation function Learning r!ode Results Case Activation function Learning ITOde Results
progression progression
- loss : 181463.5625 . - loss : 8783425.0000
3-5 LeakyReLU 100->64->32->1 | mae : 2217239 3-7 swish 200->20->10->1 | mae 8372119
1e7 Train and Validation Loss 167 Train and Validation MAE 167 Train and Validation Loss 167 Train and Validation MAE
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Table 13.2] LeakyRelLU + case2—-4= &M3let4E
LeakyRelLU, 2458 200 —) 180 —) 160 —) 12 FAst 2
olct, 2Elo| k& Zm} lossE 227011.80, maes 231.62, @it
22 8.18%= ZEEHUC TefZo| MHAQ! FEll= loss1eh
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Table 152|. swish + case2-12 &M3let+2 swish, 24
£2 100 - 64 —) 32 —) 12 74t ZEo|ct 2HO| 5t
1} loss= 1525847.63, mae= 500.192 A= 13.9%2 =
SEACE =l FHHR! N2 lossT12HZ 2t mae12{ L2
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Table 15, Result of “swish + case 1-1”

Case Activation function Learning r!ode Results
progression
. - loss : 1525847.6250
3-8 swish 100->64->32->1 | mae : 5001869
167 Train and Validation Loss 167 Train and Validation MAE
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Table 162| swish + case2—-112 &d5IE4Z swish, 24
&2 200 —) 180 —) 160 —) 12 74§t 2Elo|Ct, RHo| st
ZA1} lossE 641718.63 mae= 285812 2XE2 6.5%2 =&
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Table 16. Result of “swish + case 2-4”

Learning node

progression Results

Case Activation function

- loss : 641718.6250

3-9 swish - mae : 285.8078

200-> 180 -> 160 -> 1

167 Train and Validation Loss 167 Train and Validation MAE

—— tain_loss — tain_mae

— val_loss — val_mae
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Figure 3. Error rate of [Type 3] cases
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