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Hybrid SARIMAX-LSTM Forecasting of Hourly Water Reduce Ratio
with ROC-Based Risk Threshold Optimization
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[Abstract]

Hourly water reduce ratio (WRR), defined here as the hourly rate of change in relative humidity, is
used as an environmental proxy for rapid moisture-condition change relevant to fresh-concrete quality
management. This study proposes a one-hour-ahead SARIMAX-LSTM hybrid forecasting framework in
which SARIMAX models seasonal-linear dynamics and lagged weather effects, and LSTM corrects
nonlinear residual components. The analysis uses 1,488 hourly observations from station ID 1189
between July 1 and September 1, 2021. Timestamp alignment, duplicate handling, missing-data
treatment, and outlier auditing were explicitly specified. Wind speed was evaluated as a candidate
exogenous variable, but it was not retained because it did not improve validation RMSE and MAE
consistently. The final hybrid model achieved RMSE=4.413 and MAE=3.117 on the test set,
representing numerical reductions of 1.66-5.99% in RMSE and 2.42-2.59% in MAE relative to the
baselines. However, Diebold-Mariano tests with Holm correction and moving-block bootstrap confidence
intervals did not establish statistical significance at the 0.05 level. ROC-based threshold optimization
was conducted on the validation set using Youden's J and Fl-score. Under WRR <= -5%, the selected
alarm threshold was -0479%/h and vyielded Recall=0.926, Precision=0.210, F1=0.342, and
ROC-AUC=0.788 on the test set. The framework is therefore suitable for early waming and secondary

inspection support, not for direct diagnosis of concrete strength loss.
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II. Materials and Methods

1. Data Source, WRR Definition, and Quality
Control

BARtRE 7154 ID 11899] 20219 79 ARF ©
] A= 746711 2021'F 8 HE T Atw 89277102
FAAED 24 gjde 20219 79 12 01:008¢ 20214
94 1% 00:007kX]9] 1,4887] AIRF T¢] WRR #&53ko]
Ch WRR A& ¢laf 20219 7€ 19 00:009] A&
2 71FAR0R £7} Abgalgint

e BEAZL FIREAKST)Z 5L
INe Aoz wReESEHR] o4y Y AJZo] &
[h:00:00, h:59:59] AJIZt J7to]] wistt). 72 Ata.
2 19 00:00 o|Ho]|, 89 5% Afa= 89 12 00:00 0|

o]
==
A

o oo il o

g, 71

]_

ol

BN

S rr o



Hybrid SARIMAX-LSTM Forecasting of Hourly Water Reduce Ratio with ROC-Based Risk Threshold Optimization 149
of 941 Hgslgith Y ARE o] Bae] V)%l & i3l E 12 YARIES} HF B4 mde wskE
Aol 712, JrisE 2 F4o) FYUL EYOR AF RIS QO Zolth £R olht vy BEYL vIe
$al9irt. o] Aake Bazlo] A ARIR ook v YalA| gk, g A7 Aol wiat W, SAZie] 2
=3 A= o2 AMe] @ £017] Yot Aol & 7SS FYUCE AR A, 2|1 WRRAHA]= B

ZetA] eropch Zolek. o] MAlE £l ARZE w40t @)
RH — RH,_ A WRR HEE x4} stoict
WRR, (%) = (———""1) x 100 D oot o o
RH,_, choo] & 2 MAe] & AR3H 1.4887)0] AJ7H T

219} A (DoA RHe AV to] Ath&E(%), RH, 1
AR ARSIk Db WRRO) Thel
AZI = Wake(%/h)olth. WRRE ET7IE U
Aeol YEFEY AR gl ol #7 W

At& f#2olty. WRRY| F43h2 0.065%/h=Z 00f] 7PFA]
OF, F)4ZE -25.0199 2 ThgE 61.977%/h9] H7F Hof
b W3 79 walvto 2 2ASE Wl 17k 45
Hgap] ofele g HolEtt sl YridEr oA

of tigt 2] AlER FMetc). S ASEAE AjRE A4 KR Ptk WS Holnl, F42 Yrigo
o2 ol 9S WAIs| Hsll ARF A4S gxlste = &2 WYl St
w0, AAE of|FoM e FAY WAFASED A 08 12 A 71 dA =0 AlATste] AIRF &Y A E
ZowAs wEste AE AAPE Eigsina % EAUR), SARMAXY AE-HY o, LSTMO] A}
expanding-window”|9to] 7% @Alg A gsloch11]. B4, 2% WRR o], ROC 7|3t A= A7zt 2l=sta
Table 1. Data quality-control protocol

Stage ‘ Procedure ‘ Result

Analysis panel

Temporal alignment
Duplicate handling

Missing exogenous data
Long gaps / incomplete windows

Data split

Scaling

2021-07-01 01:00 to 2021-09-01 00:00
Floor assignment to hourly bins

Remove exact duplicate; median for
multiple values

Linear interpolation only for gaps <= 2 h
Exclude from model-window generation
Chronological 70:15:15 split

Fit scaler on training data only

1,488 hourly WRR observations

No nearest-hour rounding
2 duplicated July bins resolved

4 hourly bins; 14 variable values
No gap > 2 h after screening
Train=1,041; Val=223; Test=224

No validation/test leakage

Table 2. Descriptive statistics after reprocessing

Variable ‘ Unit ‘ N ‘ Mean ‘ Std. ‘ Min. ‘ 25% ‘ Median ‘ 75% ‘ Max.
WRR %/h 1,488 0.247 7.089  -25019 3276 0.065 2.839 61.977
Temperature ‘C 1,488 27.649 3.566 18350 25100  27.500  30.063  37.400
Sjr'j‘ltgfy % 1,488 67.802 14386 30900 56800  67.100  79.200  97.500
Wind speed m/s 1,488 1.342 0.380 0.600 1.100 1.300 1.600 3.000

Overall Framework of the Proposed SARIMAX-LSTM Forecasting and Warning System

Raw weather data
(Jul-Aug 2021)

Hourly alignment
& quality control

SARIMAX
linear-seasonal forecast

>

LSTM
residual correction

Hybrid WRR
forecast

ROC threshold
optimization

> >

Fig. 1. Overall framework of the proposed hybrid forecasting and warning system
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Fig. 2. Hourly WRR series and candidate event threshold

Table 3. Pearson correlation coefficients

Variable WRR Temperature Relative humidity Wind speed
WRR 1.000 -0.079 0.137 -0.083
Temperature -0.079 1.000 -0.832 0.320
Relative humidity 0.137 -0.832 1.000 -0.486
Wind speed -0.083 0.320 -0.486 1.000
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2. Variable Assessment and Wind-Speed Ablation
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Table 4. Validation-set wind-speed ablation analysis for the hybrid model

Exogenous variables |  Validation RMSE | Validation MAE \ Decision
Temperature  +  Relative 7.190 4138 Selected
humidity
TemPgrature . +  Relative 7209 4136 Not retained: no consistent
humidity + Wind speed improvement
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Table 5. SARIMAX order selection on the training set

Candlda:fdffRIMAX BIC Ljung-Box Q(24) p-value Decision
(0,0,0)(0,0,0)24 7064.337 671.451 <0.001 Rejected
(0,0,0)(1,0,1)24 6710.724 48.948 0.002 Rejected
(1,0,1)(1,0,1)24 6718.002 44530 0.007 Rejected
(1,0,3)(1,0,1)24 6701.281 33.323 0.097 Selected
(2,0,0)(1,0,1)24 6707.414 33.844 0.087 Rejected

X3S ojujsts Aol ofje}, ¥ BEA B9 57} o5 2 57} BAT TpdelS Z38HE Schwarz 71E0]CH{13]
7|01 =7 ARt olle2 JUloJE}. B AoldE BICZE We $¥E QoM ZHEShL,

3. SARIMAX-LSTM Hybrid Model and
Hyperparameter Selection
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Residual-learning architecture of the proposed hybrid model

Past WRR
and lagged weather
(24 h window)

SARIMAX
(1,0,3)(1,0,1)24
+ Temp, RH

Residual

r_t = WRR_t - yhat"S_t

LST™M
32 units
Residual forecast

Hybrid forecast
yhat™H = yhat”S + rhat

Fig. 3. Hourly WRR series and candidate event threshold:
yhat_S: SARIMAX forecast; r_t: SARIMAX residual; rhat: LSTM residual forecast; yhat_H: final hybid forecast

Table 6. Hyperparameter search and final settings

Parameter Candidate values

Validation criterion Final setting

Input window 12, 24, 48 h RMSE/MAE and parsimony 24 h
LSTM hidden units 8, 16, 32 Lowest validation RMSE 32
Learning rate 0.0005, 0.001, 0.003 Lowest validation RMSE 0.003
Dropout 0.0, 0.2, 0.3 Validation loss 0.20
Batch size 64, 128, 256 Training stability 256
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Table 7. Window-length sensitivity of the hybrid model

Input window Validation RMSE Validation MAE Interpretation
Shorter history; modestly
12 h 7.192 4123 higher RMSE
24 h 7190 4138 Selected: daily cycle and
' ' parsimonious input
48 h 7190 4137 Marginal difference; higher
’ ’ input dimension
Validation sensitivity to LSTM input-window length
@ @ @
7.0
6.5
6.0
S —@— Validation RMSE
= 5.5 ¥~ Validation MAE
5.0 A
4.5 A
Y B _ :
12 24 48
Input window (hours)
Fig. 4. Validation sensitivity to LSTM input—-window length
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4. Evaluation Metrics, Statistical Tests, and
Threshold Calibration
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Table 8. One-hour-ahead test-set regression performance

Model RMSE MAE RMSE :.;c:;.'j.ic;ion vs. MAE r:;!;;t;on Vs,
SARIMA 4,503 3.194 2.01% 2.42%
SARIMAX 4.694 3.198 5.99% 2.54%

LSTM 4.487 3.200 1.66% 2.59%

Proposed Hybrid 4.413 3.117 - -

One-hour-ahead

forecasts on the test set

—— Observed WRR SARIMA —— LSTM

25 A

20 A

15

WRR (%/h)

—— Hybrid

Fig. 5. One—hour—ahead forecasts
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III. Results and Discussion

1. Regression Performance and Comparative
Interpretation
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Table 9. Time-series-aware comparison of absolute forecast errors

Event criterion Train rate Validation rate Test rate
WRR <= -3% 0.277 0.283 0.201
WRR <= -5% 0.187 0.175 0.121
WRR <= -7% 0.119 0.085 0.067
Table 10. Event-label distribution by criterion
95%
Comparison Mean AMAE DM statistic DM p-value Holm p-value block-bootstrap
CI
SARIMA vs. 0.077 0.692 0.489 0.978 [-0.154, 0.288]
Hybrid
SARIMAX vs. 0.081 0.656 0.512 0.978 [-0.159, 0.276]
Hybrid
LSTM vs. Hybrid 0.083 1.084 0.278 0.835 [-0.074, 0.213]
Table 11. Validation-set ROC threshold optimization
L. Validation , . Selected
Event criterion ROC-AUC TJ Youden's J T_F1 Maximum F1 threshold
WRR <= -3% 0.838 -0.479 0.621 -0.753 0.683 -0.479 (J)
WRR <= -5% 0.761 -0.479 0.536 -0.479 0.487 -0.479
WRR <= -7% 0.746 -2.083 0.490 -2.083 0.316 -2.083
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2. ROC-Based Event Detection and Operational
Interpretation
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Test-set ROC curves of the hybrid model
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Fig. 6. Test—set ROC curves of the proposed hybrid model three event definitions

Table 12. Test-set event-detection performance

S0l Al ™ FP FN ™ Precision = Recall Fi1 ROC-AUC
criterion tau
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