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Abstract

The year 2023 recorded historically high temperatures and increased precipitation globally, with the Philippines
particularly affected due to its vulnerability to tropical cyclones and typhoons. In the Eastern Visayas region, including
Biliran Island, frequent floods and landslides have highlighted the limitations of existing flood warning systems,
which rely primarily on observational equipment and expert judgment and often lack systematic coverage. This
study develops an Al-based flood hazard classification and real-time water level prediction framework to enhance
disaster preparedness and response. For flood hazard classification, machine learning models—Random Forest (RF)
and Decision Tree (Tree)—were employed. The RF model demonstrated superior performance with an overall F1-Score
of 0.83 across all hazard classes, whereas the Tree model achieved an F1-Score of 0.66, indicating relatively lower
predictive accuracy. For real-time water level prediction, a deep learning Transformer model was applied, utilizing
rainfall and water level time—series data to accurately forecast overall patterns and peak water levels. Results show
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that integrating machine learning and deep learning models can overcome the limitations of conventional flood
management approaches, providing reliable hazard predictions and actionable information for early warning systems.
The proposed Al framework enhances the timeliness and accuracy of flood alerts, supporting more effective disaster
response. Future research should incorporate additional hydrological data and continuously refine the models to
further improve predictive accuracy and strengthen local community resilience against floods.
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2.1 SJAEELE

O YF-(decision tree, Tree)= EllolE] 1#2l& 7[Htow
w5 U5 FHl(graph) = F&@ste] FAIRE HoEE A3t
slal =g H=3dl 4 Q= REo|thBreiman et al,, 1984).
o] Ry 54 A& (dynamic programming)o] 7]¥tt
5t g H (top—down inductive approach)= AH&-5},
A9 EoA EeE Atm= T]Fol et AR ddes
HIEAH o= AlES}E o] FFHor FHEH Rt 4G
o] 2o A tH(Kaminski et al., 2018).

Treex= 3] :E(root node), Y5 =E(internal node),

E L=(leaf node), 7FA|(branch)2 FA L} & LE&
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Fig. 1. Conceptual diagram of decision tree model

ALRt BE EoA= 5 7ol weh 277 (conditional)&
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Hop g3t A5 A3E de=thFig. D).

2.2 HYZAE

AHEZYAE(random forest, RF)E= F4E(ensemble)
7k Bmgo g, oy o JAAHURE StFAI7|AL o]
FAl(aggregation)sto] 2|F o555 4-85k= 84 (bootstrap
aggregation, bagging) 7§l ¢12]/d(randomness)-& 2t
25 Byolth. RFe GAMEAURET dptdos =2
A 2 el Aoz daA QHAmit et al., 1997;
Breiman, 2001).
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7 tree?] & At EXE(voting)s I HF A
277}, T3, 7t LeeolA] 2 Vo] AR W] TiE
FA9)2 AdeshH, o] 5 27719 ZNa(mtry)2tal A ojRiet
s Aol A wpiHSE WHE ose Bl
ARste], 7V et 459 dF ARE EEGHES St
(Fig. 2).
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Fig. 2. Conceptual diagram of the random forest model
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=
gollAl RNN AlEe] medlE2 42 AAXA ghs o555ty

H B (context vector)
e Eds 5ol g AEL 7RE &8 A AAE dSske
AP 2~E A2 (Sequence—to—Sequence, Seq2Seq) &=

WA 5F tH(Sutskever et al., 2014).

=

2.4 2ol Yz ot

= A7 E AdeEE SRk, A8 FUsH 4
Sohe B¥S 47 AARY. 239 BF7te S et
A% %5 Tl sAHoF gt weEbd APTHE &
°f

=2
£ Fl-scoreE, 49 d&cle A3 JoAFILt
(Normalized Root Mean Squared Error, NRMSE)2} A
A= (Correlation Coefficient, CC)E Ed] a2 H7}
Sheit.

Fl-scores 72 Hrte] de &8EE ARE,
Az AL (recall), FHDE(precision)& & Tct 0
~1°] "HRE 7HAH ol 25 7 AL =t
2 on|gtet.

NRMSE®}F CC= At #2158 EEofjoF ol 5=
gol Hrto] HAsith, NRMSEE HdAlEE2AHRoot
Mean Squared, RMSE)E 0~1 W2 A3kt 8=,
BE9 H9 = A7 wet e A7t gk Aol
HojAthe BAIHS 7Fd RMSES AAgt 2| &oc}. o4t
o] A71E Aqtstste] Ueh7] wfZo] NRMSE= ol
2AS4E B0 ALt £& 02 oAttt CCx H]

stazt st F ZEHTONA e FUteF AAad OE

EAS A Eo|t}, -1~19] HE 7IAH, A
55 ABTACE = A 4 ok

SEAIRE, Seq2Seq RHlZ 7] o]EA wEAl(long-term
dependency problem)of] 9Jgt X £Ao] Qlrt= EA)7 o]
EAZHY, o] siAsty] flol, TR A QT o] ¢
AIEAE BHA] §F § J0d 4 =S o]l (attention)
NES E{dste] /A Zo] Transformer R o]tHVaswani
et al., 2017).

Transformer 299 QAFH-tIFH op7|dX= th57}
Zo] FEHE dFHAAE A= AL dis) lHg
(embedding)& 4=3¥5}11, Y% HEE F7Hpositional encoding)
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Table 1. Evaluation of flood risk classification prediction
performance using XGBoost and Fl-score.

Observed
T (Class)
Classification
1 2 3 4
(green) | (yellow) | (orange) (red)
1 7,556 113 0 0
(green)
. 2 147 438 27 0
Predicted | (vellow)
Cl
(Class) 3 0 M 297 82
(orange)
4 0 0 73 679
(red)
precision 0.98 0.73 0.74 0.89
recall 0.98 0.71 0.70 0.90
Fl-score 0.83

Table 2. Evaluation of flood risk classification prediction
performance using Tree and F1-score.

g5t WA 9 AR AmE kA oRA 44 ARt

02 & 6km
—_—

Fig. 4. Study area. Biliran Island, located in the Eastern Visayas
of the Philippines.

SRERISIE(R| A27 H4%, 2025

Observed
e (Class)
Classification
1 2 3 4
(green) | (yellow) | (orange) (red)
1 7,178 468 23 0
(green)
2
) 213 335 64 0
Predicted | (yellow)
Cl
(Class) 3 0 134 | 210 76
(orange)
4 0 17 182 553
(red)
precision 0.97 0.35 0.43 0.87
recall 0.93 0.54 0.5 0.75
Fl-score 0.66
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ole} FAFSHA Class 33 Class 4914 = RF L =2
A52-S HolFint. o= RFZL tige] tlolHE antzoz
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