
 

Page | 1  
 

 Predictive Ability of Delft3D-Based Storm Surge Forecasts Using 

Historical and Forecasted Typhoon Tracks 

 
Mata C.B. 1*, Duquez C.W.1, Mata T.J.A.1, Cabrera O.C.2, and Alibuyog N.R.3 

1Coastal Engineering and Management Research and Development Center, Mariano Marcos State 

University, Batac City, Ilocos Norte, Philippines  

2 Institute of Environmental Science and Meteorology, University of the Philippines, Diliman, Quezon 

City, Philippines 

3 College of Engineering, Mariano Marcos State University, Batac City, Ilocos Norte, Philippines 

*cbmata@mmsu.edu.ph  

Abstract: Philippines, marked as the 5th longest coastline globally, is one of the storm surge-exposed 

countries caused by recurring typhoons. Rapid urbanization along this extensive coastline exposes 

population centers and economic zones. Due to variability in coastal configurations, surge behavior 

differs across the country and therefore requires localization. The Delft3D Flexible Mesh (D3D FM) 

model with an unstructured grid extending up to 10 m elevation above mean sea level inland was 

developed to simulate storm surge in coastal areas of Northwestern Luzon (NWL), Philippines. The 

objective of this research is to examine the forecasting ability of the model at different lead time during 

extreme events by using historical versus forecasted data. Three events were selected: Super Typhoon 

Mangkhut (2018), Tropical Storm Pakhar (2017), and Typhoon Hato (2017). Two sea level stations 

were used to validate the model: Currimao (CM) and San Fernando (SF) stations. Model’s performance 

revealed an average NSE = 0.834, RMSE = 7.8 cm, and MAE = 6.2 cm indicating very good agreement 

between observed and simulated water levels at both CM and SF stations. Using forecasted tracks of 

the same events by Japan Meteorological Agency (JMA), the average RMSE at 72-, 48-, and 24-hr lead 

times are 5.6 cm, 7.5 cm, and 10.6 cm, respectively while average MAE are 4.3 cm, 6.9 cm and 8.9 cm, 

respectively. Forecasting ability of the model performs very high and indicates suitable for operational 

surge forecasting although becomes less reliable closer to landfall, especially for intense typhoons with 

rapid structural changes. Model performance is generally better for moderate typhoons with simpler 

wind and pressure fields. With this, the model reiterates the successful used of remote sensing derived 

data in forecasting storm surge. Overall, the model can be readily used to support disaster preparedness 

and early warning systems in coastal communities. 
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Introduction 

Extreme sea levels, caused by storm surge and high tides remains one of the most 

devastating coastal hazards in the Philippines, frequently accompanying tropical cyclones 

that make landfall in the country. In topographically complex coastal regions like 

Northwestern Luzon (NWL), the need for high-resolution, locally calibrated modeling 

becomes critical. The Delft3D-FLOW model, developed by Deltares, is a flexible, 

hydrodynamic model capable of simulating water levels, tides, wind-driven circulation, and 
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storm surges with high spatial resolution (Veeramony et al., 2017). It allows for more 

detailed representations of local coastal morphology, complex shoreline structures, and 

compound flooding scenarios (Laino & Iglesias, 2024) for any event-based forecast on the 

order of minutes (de Boer et al., 2012). 

Localizing Delft3D for NWL, as a storm-prone region (Kim et al., 2019), can serve as an 

auxiliary system to the nationally implemented model, allowing for a one-stop command 

center that strengthens forecast reliability (Veeramony et al., 2017). The localized model 

can help address gaps in current surge warning products by offering site-specific storm 

surge mapping and fine-scale surge timing with varying forecast lead time. Studies have 

emphasized that such localization supports the government’s disaster risk reduction agenda 

under Philippine Republic Act 10121 and aligns with global best practices in developing 

context-specific, impact-based forecasting systems 

In summary, the proposed localization and evaluation of Delft3D for storm surge 

forecasting is not intended to replace national models, but to enhance the granularity, 

flexibility, and applicability of coastal flood forecasts at the local scale, particularly for use 

in high-risk, data-sparse environments like NWL. 

This study thus fills a critical research gap by assessing Delft3D’s predictive ability using 

both historical best typhoon track and forecasted typhoon track. The study also aimed to 

assess the predictive ability of the model during extreme events at different lead times. The 

outcomes are envisioned to enhance storm surge modelling practices and contribute to the 

ongoing modernization of climate and hazard resilience in the Philippines. 

Literature Review  

a. Global and regional storm surge models  

Traditional storm surge models based on hydrodynamic modeling face challenges with real-

time predictions, require high computational time and enormous computational resources, 

and perform poorly in regions with limited data. A plethora of studies shows that researchers 

encounter several challenges in forecasting storm surge during events. For example, 

although ocean numerical models such SCHISM coupled with WWM-V (Mentaschi et al., 

2023), ADCIRDC (Blain et al., 1994; Probst & Franchello, 2012), SLOSH (Zhang et al., 

2022)(Zhang et al., 2022) and GeoClaw (Mandli & Dawson, 2014; Vogt et al., 2024) have 

proven to be effective, their application is mostly limited to larger areas due to detailed data 

requirements. The literature shows that many researchers have delved in the use of 

reanalyzed inputs to assess and forecast storm surge in the absence of observed data.     
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In a global scope, a lot of researchers already explored the use of Global Tide and Surge 

Analysis (GTSR) or Global Tide and Surge Model (GTSM) as a hydrodynamic global 

reanalysis (Muis et al., 2016; Özkan et al., 2025; Wang et al., 2022). Although GTSR is in 

good agreement to many regional hydrodynamic models, low-resolution forcings lead to 

underestimation of extremes. Interestingly, Fan et al. (2025) found out that ERA20C neural 

networks performs better than GSTM despite ERA5 (the data that powers GTSM) have a 

higher temporal and spatial resolution than ERA-20C (the data that generates ERA20C 

neural network). While ERA20C shows potential in large-scale simulation, it still shows 

limitations in replicating extreme events. 

Deterministic forecasts have become more effective in predicting risk and extending the 

usefulness of prediction systems over the past decade (Bernier et al., 2024; Elsberry et al., 

2013; Kareem et al., 2022; Yamaguchi et al., 2012). However, forecasting surges from 

tropical cyclones remains a challenge due to their small-scale features and complex ocean-

atmospheric coupling effects (Irish et al., 2008; Kohno et al., 2018; Tsai et al., 2020). This 

research demonstrates the use of Delft3D in simulating storm surge from forcings that 

include wind and pressure during extreme events, tide, Coriolis effect, all in one integrated 

platform. Exploring Delft3D as an operational tool allows for comprehensive storm surge 

forecasting with high flexibility for complex coastal environments. 

b. Storm surge forecasting system in the Philippines 

The country’s meteorological agency, the Philippine Atmospheric, Geophysical and 

Astronomical Services Administration (PAGASA), has taken significant strides in storm 

surge forecasting through its Storm Surge Advisory (SSA) system now called STORM-

WAIS, which relies primarily on the Japan Meteorological Agency Storm Surge Model 

(JMA-SSM) and Storm Surge Warning and Inundation Module (SWIM) that employs 

preprocessing, quality control, numerical modeling, and post processing of outputs. Recent 

improvements in JMA-SSM have enhanced regional forecasting accuracy (Hiroshi et al., 

2023). From 3.7 km grid resolution, mesh increased to 1.5-50 km. While this model provides 

national-scale coverage (0 – 50ºN, 95 – 180ºE), they are by coarser resolution and limited 

localized calibration. This study uses 800 m to 1.5 km mesh as it approaches land. Morevoer, 

a grid extension of 10-m elevation from mean sea level inland was integrated in the model 

for hazard mapping.  

STORM-WAIS is an integrated model that includes monitoring, modeling, analysis, and 

forecast and warning generation which typically runs about 1.5 hrs depending on the area 

affected. Analysis involves forecaster’s analysis but incorporates factors such as tide and 
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local knowledge of the affected community. By exploring the potential of Delft3D to 

minimize processing time (~10-20 minutes) and data requirements while maintaining high 

forecasting accuracy, this model can complement the efforts of PAGASA. 

 

Methodology  

A storm surge event (SSE) identification process, based on Pauta Criterion and adapted 

from Ma & Li (2023) was coded in Python by Ilagan (2024) and was used in the study to 

identify abnormal increase in sea level (SL) during TC episodes. From the identified 

overlapping storm surge events, three typhoons of different intensity were selected and 

simulated to evaluate the accuracy of the model and assess its ability to forecast at different 

lead times. 

a. Study area 

NWL, bounded by the West Philippine Sea, is a hydro-meteorologically dynamic region 

characterized by seasonal monsoons, frequent typhoon landfalls, and storm surge events.  

The region exhibits microtidal to mesotidal regimes, with diurnal tidal patterns dominating 

most of the year. Tidal ranges typically fall between 0.5 to 1.5 meters, but surge-tide 

interaction during typhoons can result in significant coastal flooding, especially in low-

lying barangays along estuaries and river mouths. 

The topography of the coastal shelf in NWL is generally shallow, which enhances the 

potential for storm surge amplification, especially when strong winds push water onshore 

and coincide with high tide (Lapidez et al., 2015). The unstructured grid of the study area 

was extended inland for terrain with 10m elevation as shown in Fig. 1. 
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Figure 1: Map of Northwest Luzon overlain with unstructured grid of 

increasing spatial refinement: (1st) 5.5-6km offshore, (2nd) 1.5km, (3rd) 

800m resolution.  Grid is shown to extend inland to cover terrain with 

10m elevation. 

b. Tropical Cyclones and Storm Surge Events 

The abnormal increase in sea level during tropical cyclones (TC) is known as storm surge 

(PAGASA, n.d.) and is measured as the increase in sea level above and beyond astronomical 

tides (NOAA, n.d.). The study area is located within the main typhoon pathway of the 

Western North Pacific, with PAGASA Area of Responsibility (PAR) records showing an 

average of 20 typhoons per year, about 30–40% of which either pass near or directly affect 

the Ilocos Region (Yumul et al., 2011). Among the 57 storm surges identified in the 

Philippines from 1589 to 2013, 10 affected the Ilocos Region (NOAH, 2014).  

Corrected hourly observed sea level (OSL) was obtained from National Mapping and 

Resource Information Authority (NAMRIA), for the Currimao (CM) and San Fernando 

station (SF) (Figure 2).  Water level at hourly resolution was subjected to tidal analysis and 
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prediction using the UTide Python Package.  The predicted levels subtracted from the 

observed yielded residual sea level (RSL) and subjected to an SSE detection technique that 

identifies outliers that exceed the mean by at least three times the standard deviation. 

 

 

Figure 2: Observed sea level (cm) data at a) Currimao or CM and b) San Fernando or SF 

station. 

 

Specifically, the RSL was calculated by calculating the difference between the OSL and the 

predicted tides [Eq. 1]] following the methodology of Morin et al. (2016).   

𝑅𝑆𝐿 = 𝑂𝑆𝐿 − 𝑇𝑖𝑑𝑒                     [Eq. 1] 

Each station's per year threshold (thresh) was calculated using Ma & Li's (2023) Pauta 

Criterion, which assumes that random probability occurs in the range of 3σ, and values above 3σ are 

outliers (Ma & Li, 2023). The thresh computation is shown in Eq. 2 and Table 1 summarizes 

the computed threshold for 2017 and 2018. 

    𝑡ℎ𝑟𝑒𝑠ℎ = 𝑀𝑒𝑎𝑛 𝑅𝑆𝐿 + 3 ∗ (𝑠𝑡𝑑)                                [Eq. 2]                                     

Table 1: Calculated annual thresholds using Pauta Criterion. Mean RSL and standard 

deviation for each year is also shown. 
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Year 
CM SF 

Mean RSL std thresh Mean RSL std thresh 

2017 -2.69 6.74 17.52 7.97 6.14 26.4 

2018 -6.25 7.83 17.24 9.03 7.11 30.38 

In summary, for an RSL to be classified as a storm surge event (SSE), three requirements must 

be met. The RSL must, first and foremost, be higher than the yearly sea level threshold 

determined using the Pauta Criterion method. Second, a TC with an intensity of at least 34 

knots must be present within 500 km of any of the two tidal stations during this exceedance. 

Third, the corresponding 6-hour Gaussian low pass filtered value must also exceed the 

threshold to guarantee that the exceedance is not a normal fluctuation in the RSL. 

The 500 km search radius was selected because, according to historical data, even when the 

TC is about 400 km away, at least 0.41 m absolute storm surges have been recorded close to 

Metro Manila's coastlines (Morin et al., 2016). Towey et al. (2022) have pointed out that TCs 

more than 500 kilometers away from a site will have minimal impacts. 

c. The storm surge model 

Using the Delft3D FLOW software, a model has been produced to simulate the water level 

in NWL domain. The model was created using the Delft Dashboard software while the 

simulation was processed on the Delft3D FLOW software. The Delft Dashboard software 

was used to create the model by setting up the boundary conditions, bathymetry, inclusive 

dates of the occurrence of the typhoons, the tracks of the typhoon, and the areas of 

observation of the water level. Table 2 lists the sources of model input parameters. The 

inputs come from remote sensing (satellite derived bathymetry, topography), reanalysis 

products (wind and atmospheric pressure fields of typhoons, typhoon track, tide), and actual 

observations (sea level). 

Table 2: Input parameters in developing the Delft3D-based storm surge. 

Parameter Value & Source Estimated Accuracy 

Bathymetry 
aGEBCO 2019 & bSRTM 

4.0 

≈ ±2.5% error for geomorphometric 

metrics; vertical errors often ±150–

180 m in shallow areas 

Boundary 

Conditions 

cTPXO9 global tide 

inverse model 

RMSE in open/ocean ~1–2 cm; 

coastal/complex shelf up to ~5–

10 cm 

Winds 
dSPW (spider-web) node 

network (user input) 

Depends on resolution; wind speed 

accuracy ±5–10% typical 

Typhoon Track eJTWC Best Track 
Position error often ~10–30 km; 

intensity ±5–10 hPa 
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a(GEBCO Compilation Group, 2023), b(NASA JPL, 2013), c(Egbert & Erofeeva, 2002), 

d(Mattocks & Forbes, 2008), e(Knapp et al., 2010) 

After the model was created, the simulations were done using the Delft3D FLOW software 

and results were analyzed. The model output, primarily sea level time series, was compared 

against observed tide data at CM and SF stations. Commonly used error metrics to quantify 

model accuracy applied in the study included Root Mean Square Error (RMSE), Mean 

Absolute Error (MAE), and Nash-Sutcliffe Efficiency (NSE). Unlike any other measures, 

RMSE and MAE are easy to interpret and do not indicate bias (Jackson et al., 2019; 

Willmott & Matsuura, 2005).  We also selected NSE because it is simple in concept. It 

compares prediction error against the observed errors (Jackson et al., 2019).  It is to note 

that while NSE is useful in giving information error of predicted versus observed, it is not 

useful in comparing forecasted versus observed (Onyutha, 2024; Teegavarapu et al., 2022). 

These metrics provided a comprehensive assessment of model skill in replicating both the 

magnitude and timing of historical storm surge events. 

Acceptable values were based on storm surge modeling for most coastal sites. The accuracy 

of storm surge model developed were evaluated and must satisfy the following measures: 

Accuracy 

Measure 
Value Model Performance Interpretation 

Acceptable 

Value 

Nash-Sutcliffe 
Efficiency 
(NSE) 

≥ 0.75 
 
 

0.50–0.75:  
 

< 0.50:  
 

Excellent 
 
 

Good 
 

Unsatisfactory 
 

Ready for operational forecasting and 
research 

 
Useable, but might need refinement 

 

Recalibration likely needed  
 

≥ 0.5a 

Root Mean 
Square Error 
(RMSE) 

< 20 cm 
 
 

20–40 cm:  
 
 

> 50 cm:  
 

Very good 
 
 

Good 
 
 

Satisfactory 
 

High-resolution model, well-
calibrated, reliable for warnings. 

 
acceptable in many storm surge 

applications. 
 

Needs review 
 

≤ 30 cm b, c 

Mean 

Absolute 
Error 
(MAE) 

< 15 cm 
 
 

15–30 cm:   
 

 
30–50 cm:  

 
 

> 50 cm 
 

Very High 
 
 

Good 
 

 
Moderate 

 
 

Low 
 

Suitable for operational surge 
forecasting or early warning systems 

 
Acceptable for research, design-level 
modeling, and flood hazard mapping 

 
May be acceptable depending on 

event magnitude and data resolution 
 

Model needs improvement or 
input/boundary condition refinement 

< 30 cm d 

a (Moriasi et al., 2007), b (Muis et al., 2016), c (Teng et al., 2017), d (Heemink et al., 2001) 
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To assess the sensitivity and forecasting performance of the storm surge model, forecasted 

tracks of JMA of the same typhoons were downloaded. Each forecast track included storm 

center coordinates, wind speed, radius of maximum wind, and central pressure. Forecast 

advisories were selected at different lead times including 72, 48, and 24 hours. RMSE and 

MAE were used to assess model performance. NSE is sensitive to peak timing mismatches 

which are common to storm surge forecasts that even a slight shift in peak surge timing can 

result in a very low value despite the peak magnitude being accurate (Jackson et al., 2019; 

Onyutha, 2024).  

Fig. 3 shows the detailed workflow of storm surge model including data sources. 

 
Figure 3: Flow diagram of Delft3D storm surge model 

 

Results and Discussion 

Selection of typhoon events based on co-occurrence with observed storm surge 

Out of seven (7) identified possible storm surge in CM station from 2017 to 2018, only five 

(5) typhoons coincide (Fig. 4). Two identified possible storm surges in 2018 might be due 

to other anomalies in sea level due such as LPA and Southwest Monsoon. The maximum 

storm surge observed at CM and SF stations from 2017 to 2018 are 55 cm (7/29/2017) and 
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43 cm (9/15/2018), respectively.  It is to note that even though a 55 cm surge might be 

considered low in comparison to storm surges in other places, like 78 cm in Manila Bay 

during TY Nesat in 2011 (Morin et al., 2016) and over 500 cm in Leyte during STY Haiyan 

(Soria et al., 2016), Ilocos Region is a microtidal coast. A 55 cm rise is therefore 

comparatively significant in this case. 

Only the typhoons that co-occurred with the identified possible storm surge events from 

2017-2018 were automatically identified by the script. Selection of typhoons modeled were 

based on the completeness of validation data in two observation stations. With this, only 

Super Typhoon (ST) Ompong (Mangkhut), Tropical Strom (TS) Jolina (Pakhar), and 

Typhoon (T) Isang (Hato). 

Upon further inspection of the observed sea level, Tropical Storm Pakhar was also included 

because its track passes through the Northwest Luzon domain. Although it did not appear 

to cause a storm surge at the CM Station, it might have caused a possible storm surge in SF. 

However, due to the significant lack of data at that station, determining this using the Storm 

Surge Identification method (SSI) is not possible. 

 

Figure 4: Identified possible storm surge events (red) at CM station from a) 2017 to b) 

2018 

b. Develop and evaluate the accuracy of the storm surge model under different 

Typhoon events 

 Model Setup 
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Delft3D Dashboard has its built-in archives of historical typhoon tracks by JTWC which makes 

it advantageous and useful over other software that requires manual input. Input parameters 

constantly used for the three typhoons are timestep (30s), bathymetry (GEBCO 19), boundary 

conditions (TPX09 global tide inversed model), and wind (spider web). Bottom drag 

coefficients/ roughness values in ocean, rivers/estuaries, and land are 0.0025, 0.0050, and 

0.0075, respectively as suggested by Ke et al., (2019). In addition to his recommendation, water 

density used is 1,025 cm3/s while wind drag coefficients at 5 m/s, 31.5 m/s and 60 m/s are 

0.0009839, 0.002, and 0.0008013, respectively. These values were used in the calibration 

where the model performed best. Time frames are summarized in Table 3. 

Table 3: Time frame set-up for Ompong (Mangkhut) in 2018, b) Jolina (Pakhar) in 2017, and 

c) Isang (Hato) in 2017 

Time Frame ST Ompong 

(Mangkhut) 

TS Jolina 

(Pakhar) 

T Isang 

(Hato) 

Reference Date 08/15/2018 12:00 AM 08/10/2017 12:00 AM 08/10/2017 12:00 AM 

Start Date 09/07/2018 12:00 AM 08/24/2017 12:00 AM 08/20/2017 12:00 AM 

End Date 09/16/2018 12:00 AM 08/27/2017 12:00 AM 08/24/2017 12:00 AM 

Simulation and Accuracy Results 

The following sections indicate the validation results of the model. Although the model reveals 

high performance, the fitness between observed and simulated storm surge water levels can 

show overprediction or underprediction at certain points in time during typhoons (see Fig. 5) 

due to several physical and meteorological factors. Storm surge models rely heavily on wind 

speed, direction, and central pressure data to simulate water level rise. JWTC best track are 

being compiled after a tropical cyclone has dissipated, using all available observations (satellite 

imagery, aircraft reconnaissance, buoy and ship reports, etc.) and modeling tools. Detailed 

explanation is available at JWTC website (https://www.metoc.navy.mil/jtwc/jtwc.html). These 

tracks represent the most accurate estimate of the storm's position, intensity, and structure at 6-

hour intervals during its lifetime. Therefore, they are not actual tracks, but a carefully 

constructed reanalysis. However, it is considered a high-quality reanalysis suitable for 

validation studies.  

Another relevant factor is the resolution of bathymetry and topography used which can affect 

wave setup and water level propagation. Oversmoothed topography such as SRTM (30m 

resolution) may not capture swell effects especially nearshore. Moreover, fact that CM station 

is located in the sandy beach part of CM, south of the Pangil Coral Rock formation while SF 
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station is located near the mouth of the semi-enclosed Lingayen Gulf where other external 

factors like river discharge, if not well or totally represented, may affect recorded water levels 

in the station leading to underprediction.  

One meteorological factor is the boundary condition in which tide data from OSU TPX09 was 

used. The accuracy of the OSU TPXO9 global tide model (~1/30° to 1/60° grid spacing) is very 

high—especially for deep ocean and continental shelf regions—but it varies slightly depending 

on location. TPXO9 is accurate to within 1–2 cm RMSE in the open ocean, and 2–5 cm on 

shelves.  Nesting with local or regional tide models is therefore recommended for improved 

accuracy. Philippines does not yet have a fully operational, high-resolution nationwide tide 

model that is publicly available like TPXO. Currently, PAGASA provides tide predictions for 

major ports based on harmonic analysis of observed data but not a hydrodynamic model.  

ST Ompong (Mangkhut) in 2018 

  
TS Jolina (Pakhar) in 2017 

  
T Isang (Hato) in 2017 

  
Figure 5: Sea level (cm) of observed (blue) vs simulated (red dash) vs tide (green dash) 

during the STY Ompong (Mangkhut) in 2018, TS Jolina (Pakhar) in 2017, and TY Isang 

(Hato) in 2017 in CM and SF stations 
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Table 4 summarizes the result of accuracy used in the study. All NSE values are ≥ 0.772, 

ranging from 0.772 to 0.919, with an average of 0.867 and 0.801 in SF station. Overall average 

is 0.834 which indicates excellent model performance (Moriasi et al., 2007) at both observation 

stations for all events. The highest NSE (0.919) was observed during TY Isang at CM station, 

suggesting that the model was particularly effective in simulating the dynamics of this event. 

The RMSE values ranged from 4.5 cm to 12.3 cm, with an average of 6.7 cm at CM and 8.8 

cm at SF. These values are well within the acceptable range for water level simulations, 

especially considering that RMSE values below 30 cm are typically considered indicative of 

good model performance (Muis et al., 2016). Tropical Storm Pakhar yielded the lowest RMSE 

values at both stations (4.5 cm at CM and 4.8 cm at SF), reflecting more stable atmospheric 

forcing and accurate boundary conditions during this event. 

Table 4: Summary of accuracy for each typhoon at two stations 

Extreme Event Station NSE 
RMSE 

(cm) 

MAE 

(cm) 

ST Ompong (Mangkhut) 
CM  0.812 8.7 6.5 

SF 0.799 9.4 6.8 

TS Jolina (Pakhar) 
CM  0.870 4.5 3.6 

SF 0.833 4.8 4.1 

T Isang (Hato) 
CM  0.919 7.0 5.7 

SF 0.772 12.3 10.2 

Average 

CM  0.867 6.7 5.3 

SF 0.801 8.8 7.0 

Average 0.834 7.8 6.2 

The MAE values ranged from 3.6 cm to 10.2 cm, with CM station averaging 5.3 cm and SF 

staion 7.0 cm. All MAE values fall within the very high accuracy category based on benchmark 

studies which consider MAE values below 15–30 cm as excellent for storm surge simulations 

(Heemink et al., 2001). This suggests that the model's predicted water levels closely align with 

observations, particularly during Tropical Storm Pakhar, which recorded the lowest MAE at 

both stations. 

For the three measures, the model performed better in CM station due to the fact that the track 

crossed the NWL near CM station. Same result was obtained by Rajendiran et al. (2024) 

wherein the discrepancy between simulated and observed difference in location between 

observation point and landfall location. This indicates that there is a better alignment of wind 

setup and tide-surge interaction at CM station. These spatial differences in accuracy are 

consistent with Haigh et al. (2012), who observed site-specific variability in storm surge model 
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skill across the UK coastline due to localized coastal geometry and exposure.  Overall, the 

discrepancy in sea level between simulated and observed are beyond acceptable range 

revealing that the model accurately represented sea level during typhoons at both stations and 

the model can be applied in further investigations related to storm surge. 

c. Assess predictive capability of the storm surge model using daily typhoon 

forecast tracks across multiple base times (e.g., 24, 48, and 72 hours) 

The performance of storm surge simulations for extreme events STY Ompong (Mangkhut), TS 

Jolina (Pakhar), and TY Isang (Hato) using RMSE and MAE at lead times of 72, 48, and 24 

hours in CM and SF stations are shown in Fig. 6. The model revealed distinct trends in forecast 

accuracy depending on both typhoon characteristics and lead time. 

 



 

Page | 15  
 

 

Figure 6: Model performance over different forecast lead time across events in CM and 

SF stations. 

 

Generally, the more intense storms are, the higher is the error (Mandli & Dawson, 2014). For 

extreme events such as STY Mangkhut, the prediction grossly underpredict the storm surge 

size.  In TS Jolina (Pakhar), there is consistently low errors across all lead times (RMSE: 2.9–

4.2 cm in CM and 2.7-5.2 cm in SF), indicating better model performance for relatively weaker 

or less complex storms. 

In TY Isang (Hato), CM station revealed RMSE at 72 hrs is 12.9 cm, drops to 4.2 cm at 48 hrs, 

then increases to 11.8 cm at 24 hrs, showing a fluctuating trend like in CM station, likely due 

to complex regional effects. At SF station, RMSE is identical at 72-hrs in both stations (12.9 

cm), but diverges at 24- hrs—CM station records 7.2 cm while SF station has 11.8 cm. This 

variation may stem from differences in observed surge timing or bathymetric sensitivity. 

Moreover, a clear trend of decreasing accuracy with shorter lead times was observed, 

particularly evident in STY Ompong. For instance, Ompong's RMSE increased from 7.7 cm 

(72 hrs) to 17.8 cm (24 hrs), while MAE rose from 6.5 cm to 15.1 cm. This suggests an 

increasing deviation between simulated and observed storm surge values as the storm 

approached landfall, likely due to intensifying meteorological and oceanic variability not fully 

captured in the model input (Kohno et al., 2018; Rajendiran et al., 2024). It should be noted 

that the accuracy of model skill depends heavily on the realism of atmospheric settings, 

including typhoon tracks like those from JMA. The Digital Typhoon archive (Kitamoto et al., 
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n.d.) provides best track and forecast error data. It shows the error statistics of historical JMA 

typhoon forecast illustrating uncertainties at different lead times. 

Conclusion and Recommendation  

The model demonstrates good predictive skill, with particularly strong performance at CM 

station. Overall, the strong correlation between observed and simulated storm surge 

indicates that Delft3D, and its Dashboard with its archived datasets including boundary 

conditions, can be used for local models. The use of statistical metrics supports its 

applicability for operational and research-based storm surge forecasting in the northwestern 

coast of the Philippines. 

However, performance inconsistencies, especially in SF station, highlight the need for 1) 

improved local input data (e.g., bathymetry, tide data), 2) site-specific calibration, and 3) 

further model tuning based on typhoon characteristics (e.g., intensity, forward speed, track). 

Overall, the results confirm that the model can be reliably used for risk assessment, early 

warning systems, and coastal planning, with recommendations for continued validation and 

refinement to increase robustness across different coastal settings. 

For future works, it is recommended to first, compare the forecast capabilities of the model 

developed to the STORM-WAIS model that is currently being used by PAGASA for storm 

surge warnings. Secondly, we recommend to explore coupling with Delft3D-wave to 

determine wave height for total impact assessment or hazard mapping. And third, explore 

its applicability in other regions in the Philippines and other areas globally. 
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