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Development of Al-based Warning System for Construction Rate
Forecasting
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In the construction industry, the construction process is managed based on the completed construction in
comparison to the planned construction. With the current construction management system, it is difficult to
respond to construction delays in advance, because the construction process rate cannot be estimated
quantitatively. In this paper, we developed an Al-based warning system that proactively predicts the delay in
construction based on the completed construction of the past and additional data such as budget, subcontractor,
and weather data. We experimented on two types of construction sites and seven machine and deep learning
models and evaluated the prediction performance of the models for the construction process rate of the future
three months with MAE. We analyze the importance of each feature on the model prediction using SHAP
values. Furthermore, we select the adequate target variable for construction process prediction based on the
results of prediction and key delay factors.

Keywords: Construction Process Rate Prediction, Time Series Forecasting, Machine Learning, Deep Learning,
Feature Importance Extraction
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At B AF A Ags UH\_] = Extreme Gradlent
Boosting Model(XGB), Support Vector Regressor(SVR)<}
Random ForestRF)o|H, §&]d E2-2 Recurrent Neural
Networks(RNN), Long-Short Term Memory(LSTM), Sequence-
to-Sequence(Seq2Seq)9t Transformero] T}, 3k AM FAHE

dZo IS WA= W FAEE SHapley Additive ex-

Planations(SHAP)E %3l =&3} 4t}
XGBoost(XGB)< Boosting A/ 22 A Z o Zof T3 &
ZH(Residual) & The RS B3 o353t AR = HESE

Gradient Boosting Machine(GBM)<] €& & W& A7} 75
SHA| shed o & w24 2 & 83111, Regularization Term-<
7bate] B4 WA 2do|th(Chen and Guestrin, 2016)
<Figure 1> XGBY 7A Al 2d 725 FHATE XGB
()T Zom 1 & 4%, ov
Regularization Term, v+ Regularization Parameter, 7 Tree
9] 2% Noded M 282 wE FZ Noded ScoreS e}
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}1,

9] Loss Function 2
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Figure 1. XGBoost
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Support Vecotr Machine(SVM)2 7| &8 0. & gat Y o A F
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(Hyperplane)& 2= A ¥ 2do]ti(Cortes and Vapnik, 1995).

Soft Margin SVM-& Margins |t 3} 33} 5 4] of] Regularization
CostE &3l ¥ 57 7 AH Abo] ol Noiseol| th gk o 9 & 3] &
Sko}, T3k Kernel FunctionS 53] A2 ] tlo]EHE Yo
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o8 BRY & dd ZAE slATT Support Vector
Regressor(SVR)= Epsilon-tube & A 93t + eAbo] 9] o S
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Eig=s

Random Forest(RF)<
&5 gt MER
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Bagging A9 ¢ EEE to|HE
WEF st W kg SRk 98 74
AZ FeatureE A3} Decision TreeE T4 3+TH(Breiman,
2001). Random Forest Regressori= &£ Decision Tree ] ol Z3F<
st HF d S 293t <Figure 3> RFY 7422l
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Figure 2. Support Vector Regressor

Recurrent Neural Network(RNN)S o] A A H 9 28€gH&
29T Ho g V95t vy A A Fo] SEte 72
2 Sequence HIoJE o EFAQ AFA A & FFolth
(Rumelhart et al., 1986). ¥ 2719 4 @144 =S AET
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h, =o(Uz,+ Wh,_, +b,) (2)
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Long-Sort Term Memory(LSTM)E %&7] ¢ &4 (Long-Term
Dependency) 2 213+ 7]€7] 244 (Gradient Vanishing) &A=

7HAI AL 1= RNNo| B9 o Zo] | 37 Ao AHE 7Y
atA Xdtke d s sl Asky] sl A A Th(Hochreiter
and Schmidhuber, 1997). LSTM< 7]& RNN 720 7] 42}
(Memory Cell)9} 48 Alo|E, B2}t Al0|E, 28 Alo|EV} F
7t FzolH, o] & F3) R 35S HAsA 2
<Figure 5> LSTM ] FA| &2l B F+2& g}

LSTM O] T2 ejo Tk 4 3)3 2ok |A, 24 A0l E
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Sequence-to-Sequence(Seq2Seq)= 71 Al ¥ % (Machine Trans-
lation)= 4343171 913l 2] F° RNNLZ 4% Encoder-
Decoder 725 7% @ o] th(Sutskever et al., 2014). Encoder
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7} 234k Context Vectorg Y 8 Wl ¢ Sequences A3 3}
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Figure 6. Seq2Seq
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Figure 7. Transformer

Transformere Seq2Seq =@o] U¥ Sequenced 3Hte]
Context VectorZ $rZ&8tHA AR 7} &4 5 = FA4 & 3435}
9|3l Self-Attention Mechanism #} Feed Forward Neural Network =
A 2 o] Th(Vaswani et al.,, 2017). ©] @& 219 o] A €]
#ak oyt AA|E 9 o] W] A HloE] EA o] & uf-¢- 4 3}A o] 2}
I 4HA Ak Transformere 671 9] 5 22 ] 9] LayerZ
T4 ¥ Encoder-Decoder 7-%0] 0™, ]34 © 2 = Multi-head
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Network 2 73 1T} Encoder& & #-317] %, Positional Encoding
< 53k g Al YA E WSt =S 8k A, ZF Sub-layer
}t} Residual ConnectionZ} Layer Normalization-< 3 ¢t} &
AFoMe AAE doleol Transformers &-&317] $3)
DecoderE Fully-connected Layer2 th Al ste] 2dl& 3314
ot <Figure 7> & A 79 A AHE-3 Transformer®] 28 725
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SHapley Additive exPlanations(SHAP) valuesE ZF f 4o T
g 545 ey, E8 MsE 2433 | vAsHE B
d o 29 Yo R W F 25 S 243 THLundberg and

Lee. 2017). <Figure 8>& Holl )k ojuldt AR = ¢l &

9] Base value £[f(z)] MFE AA ZE o= f(z)7HA] =
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Table 1. Variable Description
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Data

Variable

Description

Report Date

Date of report

Planned construction of the report date

Time Series Construction

Data

Planned
Completed Completed construction of the report date(Target)
Progress Progress compared to total planned construction
Year Working year of the report date
Month Month of the report date
Season Season of the report date

Working Days

Number of working days of the report date

Shifted value of Planned/Completed construction

Lag
Ave. Temp. Average temperature
Max Temp. Maximum temperature
Min Temp. Minimum temperature
Rainfall Average amount of rainfall
Wind Maximum wind speed
Snowfall Average amount of snow
Max Temp. 33 Number of days with Max Temp. over 33C
Weather Forecast Data Max Temp. 35 Number of days with Max Temp. over 35C
Max Temp. 0 Number of days with Max Temp. under 0C
Min Temp. -12 Number of days with Min Temp. over -12°C
Rainfall 5 Number of days with Rainfall over Smm
Rainfall 10 Number of days with Rainfall over 10mm
Rainfall 20 Number of days with Rainfall over 20mm
Snowfall 5 Number of days with Snowfall over Smm
Wind 15 Number of days with Wind Speed over 15m/s
Construction Amount of budget allocated for construction
Outdoor Amount of budget allocated for outdoor space
Facility Amount of budget allocated for facility
) Electricity Amount of budget allocated for electricity
Construction Budget Data - -
Landscaping Amount of budget allocated for landscaping
Demolition Amount of budget allocated for demolition
Infrastructure Amount of budget allocated for Infrastructure
Ratio Ratio of each construction
Total Total amount of reported extra-budgetary
Extra-Budgetary Report Data ;
Company Reported extra-budgetary responsible for company
Good Number of good subcontractors on report date
Normal Number of normal subcontractors on report date
Subcontractor Data
Bad Number of bad subcontractors on report date

New

Number of new subcontractors on report date
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dlo|Eoltt st=x GA7E Fojd @43} 2o
g A &S Fote Stew YAE TS
30% o8k ‘S, 30% 27 60% 1T

Yo g FRIPI, TEEHA F& T 9 A= New' 2

ofr

TESFAS T2 sted QAE @HFH FoA VIS Ve
o2 vjgste] 7He| e st YA o & Aitste] 9
2 A4t

4. 4% 23}

4.1 s}o]|vjetn] e T4

WAy 2de o] M Scikit-learn ZHO] BT E o] &
ato] FASFAT <Table 2>+ A& B4 (Grid Search)< 53}
of A3 7 e o] shebr e 9 S YEhd Folth

989 2d-2 7o]A 9 Pytorch 2Fo] B E] & o] &3} +&
stk vy w2 7]+ 64, SH5ES 0.001, Optimizers
Adaptive Moment Estimation(Adam)(King and Ba, 2014), Epochs
£2002.2 4 A 39t} Scheduler= ReduceLROnPlateau AH-&-3
S 1 Factor9} Patience S 0.13} 10 2.2 A 4 3} Validation Setol
& Loss7F 10 Epochs Ul ol &1 54 2345 ™ Learning Rate &
0.18) 2 S0 =2 M A5 T} <Table 3> 2 2d o] A5 3}

2HH Bl S vERd ot

4237} A &

4.2.1 Mean Absolute Error(MAE)

MAEE AT o Z39] Q4o tigh ARzt Ba<
UERE G2 ALA L 4 1) 2

aap= -3y~ 4)

Table 2. Parameters of Machine Learning Models

y B AAZS, g, E dEFS, nE REY H5FE Udehd
ARS #37] g o 713 Aol o)Ak

4.2.2 Accuracy(ACC)
Accuracy = SHFEA TR/ Ho]H & A tolH 9
TEUHE o2 AR 4 (5)9 2T

TP+TN 6)
TP+TN+FP+FN

Accuracy =

Aoz agel 34 a0 tha Ao el 7 1

FAE O A4 FHES =4S ofu @
HEo| AF 2R B 8 wrow Ao e
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423 F1 Score

F1 Score= 4™ = (Precision)?t A} & & (Recall)?] 2384+
S E AXEE gholth AYES} AdEs I wdste £
Al 5 Ut EY, B A7 Bx g7 =
T Bdo] (0T f2q A} T AARE AAd v &s Y
BRH L, Ad & AA A 23 5 Bdo] AUSE oS
ot A3l v &S YeEhdt AU, A EE 9 Fl Scoredl| T
A 2 (5) ~ () 2

.. TP
Precision = TPLFP (7
TP
Recall = m (8)
Fl=9x Precision X Recall (9)

Precision +Recall

43 4% Az

B AT E F 219 AGF(FE, EF)oll 245 2187

XGB SVR RF
n_estimators [5, 10, 20, 50, 100, 200] C [0.1, 1, 10, 100] n_estimators [5, 10, 20, 50, 100, 200]
reg_alpha [0.01, 0.1, 1, 10, 100] gamma [‘auto’, ‘scale’] max_features [‘auto’, ‘sqrt’, ’log2°]
learning_rate | [0.001, 0.01, 0.1, 0.2, 0.3] kernel ['rbf', 'poly', 'sigmoid'] | max_depth [5, 10, 25, 50, 100]
max_depth [5, 10, 25, 50, 100] degree [1, 2, 3]
Table 3. Parameters of Deep Learning Models
RNN/LSTM Seq2Seq Transformer

Number of Layers [2, 4, 8, 16] Number of Layers [2, 4, 8, 16] Number of Layers [2, 4, 8, 16]

Hidden Size [32, 64, 128] Hidden Size [32, 64, 128] Number of Attention Heads [1, 2, 3]

Dropout Rate [0.0, 0.1] Dropout Rate [0.0, 0.1] Dropout Rate [0.0, 0.1]
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T-235} T Train Setol] thgh 5-Fold Cross ValidationS =3
HA o stol¥setr|H FASAFUT Train Set= 5719
Fold2 #53tA Ui 7, 4709] FoldE Train Set U A] 17] <]
FoldE Validation Seto.Z A A3t} 7} Foldoll th3l o5 A3
o HHFstAF U 57 Fold A= Ao Hdgto] 71 &4
9 stolH g etuH 2§-E A5 Train Set A E A
8h53k - Test Setoll tiate] FE3AFYTE <Table 4> 7
AR 5-9] Train? Test @4 75 Z wlolgl g 2718 v
Ebdl Fojt},

2 AT E AA SHLY FHEL FHE volE 9} F
7hdlolE & &8t w3 FHES oS3
B AFNME TEUTE A FHE)H 244 34E
S/ Ay) 2.2 TR M AP ged] 44 34

9
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Figure 9. Overview of Model Prediction
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Table 5. Prediction Results of Experiment 1
Department Housing
Month 1 2 3 Mean
Evaluation Metrics | MAE ACC Fl1 MAE ACC Fl1 MAE ACC Fl1 MAE ACC Fl1
XGB 0.8111 | 0.8424 | 0.7458 | 1.3486 | 0.7709 | 0.5840 | 1.5336 | 0.7523 | 0.5368 | 1.2311 | 0.7885 | 0.6222
SVR 0.9271 | 0.8172 | 0.6904 | 1.3884 | 0.7379 | 0.5576 | 1.7610 | 0.7083 | 0.4474 | 1.3588 | 0.7545 | 0.5651
RF 0.7768 | 0.8382 | 0.7372 | 1.2305 | 0.7907 | 0.6468 | 1.5131 | 0.7269 | 0.5042 | 1.1735 | 0.7853 | 0.6294
RNN 0.8771 | 0.8299 | 0.7593 | 1.3457 | 0.8198 | 0.6900 | 1.9297 | 0.7733 | 0.6061 | 1.3842 | 0.8077 | 0.6851
LSTM 1.4092 | 0.7680 | 0.5632 | 2.0041 | 0.7558 | 0.4940 | 2.6704 | 0.7122 | 0.4142 | 2.0279 | 0.7453 | 0.4905
Seq2Seq 1.2362 | 0.7835 | 0.6111 | 1.7114 | 0.7703 | 0.5537 | 2.1845 | 0.7384 | 0.4828 | 1.7107 | 0.7641 | 0.5492
Transformer 1.7839 | 0.7423 | 0.4910 | 2.2899 | 0.7238 | 0.4551 | 2.7616 | 0.7035 | 0.3951 | 1.7089 | 0.7232 | 0.4471
Department Infrastructure
Month 1 2 3 Mean
Evaluation Metrics | MAE ACC F1 MAE ACC F1 MAE ACC F1 MAE ACC F1
XGB 1.1713 | 0.7933 | 0.7538 | 1.8603 | 0.7259 | 0.6938 | 2.0169 | 0.7338 | 0.6917 | 1.6828 | 0.7510 | 0.7131
SVR 1.1645 | 0.7275 | 0.7157 | 1.8036 | 0.6612 | 0.6588 | 6.8385 | 0.5624 | 0.5499 | 3.2689 | 0.6504 | 0.6415
RF 1.0770 | 0.7771 | 0.7381 | 1.8077 | 0.7506 | 0.7196 | 2.2101 | 0.6799 | 0.6491 | 1.6983 | 0.7359 | 0.7023
RNN 1.1304 | 0.7344 | 0.6923 | 1.8682 | 0.6714 | 0.6172 | 2.4842 | 0.6377 | 0.5830 | 1.8276 | 0.6812 | 0.6308
LSTM 1.4290 | 0.7095 | 0.6746 | 2.0059 | 0.6571 | 0.6140 | 2.6623 | 0.6351 | 0.5862 | 2.0324 | 0.6672 | 0.6249
Seq2Seq 1.4294 | 0.7294 | 0.6862 | 1.9405 | 0.6857 | 0.6333 | 2.5032 | 0.6701 | 0.6163 | 1.9577 | 0.6951 | 0.6453
Transformer 2.9668 | 0.6322 | 0.6455 | 3.2031 | 0.6208 | 0.6452 | 3.4746 | 0.6091 | 0.6441 | 3.2148 | 0.6207 | 0.6449
Table 6. Hyperparameters for Experiment 1
Dept. Housing Dept. Infrastructure
Model RF Model XGB
Parameter 1 2 3 Parameter 1 2 3
n_estimators 200 50 20 n_estimators 100 100 200
max_features auto auto auto reg_alpha 0.1 0.01 0.01
max_depth 10 10 10 learning_rate 0.2 0.2 0.1
- - - - max_depth 5 25 5
I T o Reies © F L
(a) 1 Month (b) 2 Month (b) 3 Month
Figure 10. SHAP value of Experiment 1(Housing)
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Figure 11. SHAP value of Experiment | (Infrastructure)
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Table 7. Prediction Results of Experiment 2
Department Housing
Month 1 2 3 Mean
Evaluation Metrics | MAE | ACC Fl MAE | ACC Fl MAE | ACC Fl MAE | ACC F1
XGB 0.5967 | 0.8538 | 0.7752 | 0.7255 | 0.8565 | 0.7746 | 0.8881 | 0.8214 | 0.7331 | 0.7368 | 0.8439 | 0.7610
SVR 0.6689 | 0.8411 | 0.7573 | 0.7801 | 0.8318 | 0.7458 | 0.9014 | 0.8190 | 0.7361 | 0.7835 | 0.8306 | 0.7464
RF 0.6172 | 0.8665 | 0.7974 | 0.7684 | 0.8587 | 0.7789 | 0.8718 | 0.8476 | 0.7681 | 0.7525 | 0.8576 | 0.7815
RNN 0.9872 | 0.7392 | 0.6941 | 1.0810 | 0.7338 | 0.6696 | 1.1788 | 0.7427 | 0.6601 | 1.0823 | 0.7386 | 0.6746
LSTM 0.9774 | 0.7923 | 0.6634 | 1.0107 | 0.7907 | 0.6636 | 1.0585 | 0.7950 | 0.6733 | 1.0155 | 0.7927 | 0.6668
Seq2Seq 0.9756 | 0.7896 | 0.6667 | 0.9685 | 0.7936 | 0.6603 | 1.0148 | 0.7919 | 0.6492 | 0.9863 | 0.7917 | 0.6587
Transformer 1.1522 | 0.7978 | 0.5925 | 1.1820 | 0.8081 | 0.5805 | 1.1777 | 0.8043 | 0.5743 | 1.1706 | 0.8034 | 0.5824
Department Infrastructure
Month 1 2 3 Mean
EvaluationMetrics | MAE | ACC Fl MAE | ACC Fl MAE | ACC Fl MAE | ACC F1
XGB 0.6393 | 0.8151 | 0.7843 | 0.7786 | 0.8048 | 0.7747 | 0.9021 | 0.7864 | 0.7581 | 0.7733 | 0.8021 | 0.7724
SVR 0.9631 | 0.7515 | 0.7376 | 0.9929 | 0.7487 | 0.7404 | 1.1025 | 0.7524 | 0.7347 | 1.0195 | 0.7509 | 0.7376
RF 0.6526 | 0.8163 | 0.7805 | 0.7968 | 0.8125 | 0.7783 | 0.9283 | 0.7837 | 0.7488 | 0.7926 | 0.8042 | 0.7692
RNN 3.0054 | 0.7392 | 0.6503 | 2.8156 | 0.7338 | 0.6555 | 2.8088 | 0.7427 | 0.6608 | 2.8766 | 0.7386 | 0.6555
LSTM 2.419 | 0.8232 | 0.7542 | 2.656 | 0.8026 | 0.7143 | 2.495 | 0.7984 | 0.7088 | 2.5233 | 0.8081 | 0.7258
Seq2Seq 2.2504 | 0.7774 | 0.6988 | 2.0576 | 0.8000 | 0.7363 | 2.1092 | 0.7931 | 0.7329 | 2.1391 | 0.7902 | 0.7227
Transformer 2.1599 | 0.8346 | 0.7427 | 2.1217 | 0.8364 | 0.7439 | 2.1100 | 0.8435 | 0.7500 | 2.1305 | 0.8382 | 0.7455
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Table 8. Hyperparameters for Experiment 2
Dept. Housing Dept. Infrastructure
Model XGB Model XGB
Parameter 1 2 3 Parameter 1 2 3
n_estimators 100 50 20 n_estimators 20 50 10
reg_alpha 1 1 0.1 reg_alpha 0.1 0.1 1
learning_rate 0.1 0.1 0.2 learning_rate 0.2 0.2 0.2
max_depth 5 5 5 max_depth 5 5 5
Completed Lag ;I:::: Completed Lag :::::‘1’ Completed Lag ;I:::::
e et Geciiag i
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Planned Lag Month 1 Completed Lag Month 2 Good
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Figure 12. SHAP value of Experiment 2(Housing)
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Figure 13. SHAP value of Experiment 2 (Infrastructure)
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