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13 Abstract

14 UPSurgeML is an open-source software package for probabilistic storm surge analysis. The code
15 is written in Python, C, and Fortran, and the codebase complies with the National Centers for
16 Environmental Prediction’s (NCEP) guidelines, making it suitable for deployment on High
17  Performance Computers (HPC) like the Weather and Climate Operational Supercomputing System
18 (WCOSS). By utilizing an unstructured mesh, UPSurgeML refines the prediction of water
19  elevations in complex coastal regions. It provides both deterministic and probabilistic storm surge
20 forecasts driven by a small ensemble of hurricane forecasts. UPSurgeML uses parametric
21 hurricane wind and pressure fields, and astronomical tide forcing with a hydrodynamic ocean
22 model to simulate water elevations. Unlike the current Probabilistic Surge (PSurge) model utilized

23 by the National Hurricane Center (NHC), UPSurgeML employs a machine learning surrogate
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1  modeling framework. This approach enables a smaller (order of magnitude reduction)
2 hydrodynamic ensemble size that would otherwise be necessary. Consequently, UPSurgeML
3 provides high-resolution water elevation probability fields and exceedance levels with reasonably
4  low computational cost, and has demonstrated its usability as experimental guidance during the

5  hurricane seasons.

6 1. Introduction

7  Tropical cyclones (TCs) pose a significant threat to coastal communities (with more than 2,500

8 fatalities since 1963 in the U.S. Atlantic and Gulf coasts region), underscoring the critical need for

9 accurate TC-driven coastal hazard forecasting. The National Oceanic and Atmospheric
10  Administration (NOAA) National Hurricane Center (NHC) has been the U.S. pioneer of TC-driven
11 coastal hazard assessment since the 1980s. NHC developed the Sea, Lake, and Overland Surge for
12 Hurricanes (SLOSH) model in the early 1980s to simulate storm surge (Jelesnianski et al., 1992).
13  SLOSH is a computationally efficient model that solves the linear shallow water equations on
14 structured curvilinear grids. In the early 2000s, NHC developed the Probabilistic Surge (PSurge)
15  model in order to take into account storm trajectory, size and intensity uncertainties in surge
16  prediction (Glahn et al., 2009). PSurge uses historical forecast errors to generate a large ensemble
17  (~400-1200 members) of perturbed storm tracks, and then uses SLOSH to simulate their
18  corresponding surges for further probabilistic prediction of storm surge (PSurge, 2026). Recent
19  advancements in prediction of the radius of maximum wind (RMW) and inclusion of spatially
20  varying bottom friction overland has also improved PSurge forecast reliability (Penny et al., 2023;
21 PSurge, 2026). However, some limitations regarding the small domain size and linearized form of
22 the equations used by SLOSH have been highlighted in previous studies (Zhang et al., 2008; Kerr

23  etal, 2013; Pringle et al., 2026).
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1 More advanced hydrodynamic models such as ADvanced CIRculation (ADCIRC) (Luettich and
2 Westerink, 2004) and Semi-implicit Cross-scale Hydroscience Integrated System Model
3  (SCHISM) (Zhang et al., 2016) use unstructured meshes to efficiently simulate cross-scale flows
4  and resolve detailed coastal features, and can simulate the compound dynamics of surge, rain, and
5  river discharge. NOAA’s Surge and Tide Operational Forecast Systems (STOFS) which is the U.S.
6  gold standard for marine navigation uses ADCIRC and SCHISM for 2-D and 3-D hydrodynamic
7  simulation of the globe and the Atlantic region respectively (Cui et al., 2024; Funakoshi, et al.,
8  2025). However, these models are simulated on basin-scale meshes and include nonlinear terms
9  making them more computationally expensive than SLOSH’s setup in PSurge for a small target
10 region. With current computing capacity and versions of code limited to CPUs, large-scale
11 ensemble forecasting (hundreds of members) in operations to deliver timely results is not feasible.
12 To address this limitation, Pringle et al. (2023) developed a machine learning (ML) based
13 probabilistic framework for surge prediction that reduces the number of ensembles (to potentially
14 as low as 19) to cover the uncertainty ranges typically accounted for by the PSurge workflow. In
15  this context, we introduce Unstructured Probabilistic Surge with Machine Learning (UPSurgeML),
16 a ML based workflow with a high resolution unstructured ocean model for probabilistic surge
17  prediction. UPSurgeML is designed to provide rapid, cross-scale probabilistic storm surge forecast
18  guidance during the Atlantic hurricane season. It has been tested in the deterministic form on
19 NOAA'’s operational High Performance Computing (HPC) systems during the 2025 Atlantic
20  hurricane season and is configured to provide probabilistic experimental guidance during the 2026
21 Atlantic hurricane season.
22 The rest of the manuscript is organized as follows: Section 2 describes the model structure,

23  components, and expected outputs; Section 3 demonstrates the model’s implementation using
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1 three retrospective storm case studies in the Atlantic region; Section 4 presents and discusses the

2 results for these case studies; and Section 5 summarizes the conclusions and provides closing

3 remarks.

4 2. Model Description

5 This section provides a comprehensive overview of the code structure and its underlying

6 components (Fig. 1). Section 2.1 describes the software architecture, followed by outlines of the

7  various workflow components: ingesting the initial storm track input (Section 2.2); executing the

8 simulations (Section 2.3); aggregating simulation outputs and conducting probabilistic predictions

9  of storm surge (Section 2.4).
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1 2.1. Software Architecture

2 UPSurgeML is an open-source model written primarily in Python, while the integrated hurricane
3 vortex and hydrodynamic model engines (see Section 2.3) are written in C and Fortran. It complies
4  with the National Centers for Environmental Prediction (NCEP) Central Operations (NCO)
5 standards, ensuring its suitability for implementation on NOAA’s Weather and Climate
6  Operational Supercomputing System (WCOSS) (NCEP-WCOSS, 2022). As the standard requires,
7  UPSurgeML is compatible with the ecFlow workflow manager (ecFlow, 2026) to generate job
8 cards and Portable Batch System (PBS) for job scheduling, maintaining a one-to-one

9  correspondence between the ecf, jobs, and scripts directories (Fig. 2).

.ecf (processed to create a Job Card)
L jobs (J-job)
scripts (ex-script, e.g., *.sh or *.py)
—— ush (utility scripts, e.g., *.sh or *.py)
L— exec (compiled executables)

QRN
=0

Figure 2. NCEP WCOSS implementation standard.

12 The package operates within the STOFS v2.1* environment available on WCOSS. Developed for
13 on-demand execution, the workflow is initiated by a trigger mechanism adopted from the current
14 experimental PSurge workflow. This initial step is executed on a development (dev) machine to
15  generate a trigger package (Section 2.2), which then launches the computationally expensive
16  operations on the HPC system (in this case, WCOSS) that includes hydrodynamic simulations
17  forced by parametric hurricane winds (Section 2.3), data aggregation, and ML-based probabilistic

18  evaluation of the storm surge (Section 2.4).
19 2.2. Trigger Package

20  UPSurgeML provides both deterministic and probabilistic prediction of storm surge. The process

21 s initiated by retrieving the storm track(s) (Section 2.2.1), then through a sequence of steps, first
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1 the forecast track (Section 2.2.2) and then the ensemble of perturbed tracks (Section 2.2.3) are

2  generated on the “dev” machine. Processed tracks, along with perturbation information, and a

3  shapefile of the region of storm impact are packaged into a tarball (that we call the “trigger

4  package”) to transfer to the HPC (in this case, WCOSS).

5 2.2.1. Storm Track Retrieval

6  UPSurgeML requires a strom track in the Automated Tropical Cyclone Forecasting System

7  (ATCF) format (Sampson and Schrader, 2000). It works with a user-provided local files (best-

8 track and advisory forecast tracks), and also provides two options for retrieval: 1) the online NHC

9  ATCEF dataset (called a-deck), or 2) a standalone best-track file (called b-deck, for deterministic
10  runs only). For the first two options, the historical analysis data leading up to the simulation start
11 time is merged with the advisory forecast track. In the third option (deterministic runs), only the
12 Dbest-track is utilized. By default, UPSurgeML uses the open-source StormEvents (2026) Python
13  package to retrieve storm tracks from the online ATCF portal.
14 2.2.2. Process the Storm Track
15 Once the track is retrieved, UPSurgeML uses one of multiple parametrization options for the
16  prediction of missing values of central pressure and RMW. For central pressure, the supported
17  methods include, assuming persistence of the initial (0-hr forecast time) Holland B (Holland, 1980)
18  parameter (Pringle et al., 2026), Courtney and Knaff (2009), or Chavas et al (2025). Based on our
19  tests, the Courtney and Knaff (2009) method is recommended, while the persistent Holland B
20  assumption, which we used in our initial beta version, is discouraged. For RMW prediction, the
21 available methods include, persistence of the initial (0-hr forecast time) value, and the regression
22  method developed by Penny et al. (2023), applied either with or without 24-hr moving mean

23 smoothing. The Penny et al. (2023) method with smoothing is recommended (Pringle et al., 2026).
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1 Table 1 summarizes the specific combinations of these parameterizations supported in
2 UPSurgeML, alongside with their predefined configuration tags. Pringle et al. (2026) evaluated
3 the performance of these methods on the probabilistic prediction of coastal flooding using the KL-
4  PC surrogate framework (Pringle et al., 2023). By default, UPSurgeML utilizes the recommended
5  NSO5 configuration to predict missing central pressure and RMW values.

6 Table 1. UPSurgeML options for prediction of missing central pressure and the radius of maximum wind

7 (RMW)
Tag Central pressure prediction method RMW prediction method
NSO01 Holland (1980) Penny et al. (2023) regression with smoothing
NS02 Holland (1980) Persistent
NSO03 Holland (1980) Penny et al. (2023) regression without smoothing
NSo04 Chavas et al (2025) Penny et al. (2023) regression with smoothing
NS05 Courtney and Knaff (2009) Penny et al. (2023) regression with smoothing
8

9  2.2.3. Perturb Forecasted Storm Track
10  Inorder to generate an ensemble of tracks (for probabilistic analysis), four parameters representing
11 a storm’s intensity, size, and location, including 1) cross-track location (CT), 2) along-track
12 location (AT), 3) maximum wind speed (Vmax), and 4) RMW are perturbed from the NHC advisory
13  forecast. The low-discrepancy Korobov sequence (Korobov, 1959) recommended by Pringle et al.
14 (2023) is used to sample from the 5-year historical average errors of NHC advisory forecasts
15  (Penny and Cangialosi, 2019). In addition to Vmax and RMW, NHC advisory forecasts contain

16  information on the wind radii (30, 50, and 64-kt isotachs) in each storm quadrant. These are treated
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1 as dependent parameters, and are perturbed based on the perturbations of the four independent
2  parameters given the assumption that the shape parameters of the wind profile remain constant
3  (see Pringle et al. (2026) for details). The ensemble of perturbed tracks (40 by default) are
4  generated at this stage. Generated track(s) and associated files called “trigger package” are then

5 transferred to WCOSS for hurricane and hydrodynamic simulations.
6 2.3. Simulation

7  Parametric Holland Model (PAHM) (Velissariou, 2021) is used for the vortex simulations. It

8 ingests ATCF-formated hurricane tracks and generates TC surface wind and pressure forcing files

9  for hydrodynamic simulations. UPSurgeML uses SCHISM for ocean modeling (Zhang et al.,
10  2016). SCHISM is an open-source hydrodynamic model that supports 2D and 3D barotropic and
11 baroclinic modeling on unstructured meshes, enabling cross-scale simulation from inland creek to
12 open ocean.
13 UPSurgeML utilizes a 2D (depth-averaged) barotropic configuration. It employs STOFS-3D
14 Atlantic v2 (Cui et al., 2024) unstructured mesh for the Atlantic region, which consists of over 2.9
15  million nodes and 5.6 million elements with spatial resolution ranging from approximately 5 m to
16 8.9 km. SCHISM simulations are initiated with 12 days of spinup run before the forecast time,
17  followed by the main (hotstart) runs. Simulations are conducted using 240 seconds (four minutes)
18  timesteps. Water elevations for the original track are saved hourly, while ensemble member data
19  is recorded every three steps (12 minutes) to ensure sub-hourly extreme values are captured. To
20  manage storage, outputs for every hour are saved in separate files, resulting in multiple files per
21 member forecast. Simultaneously, through the co-processing step, hourly maximums are extracted

22  from the sub-hourly output files, and are saved in a separate file for post-processing analysis.
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1 2.4. Post-Processing

2 2.4.1. Data Aggregation

3 For deterministic simulation of the best-track, hourly water elevations are used to generate STOFS

4  formatted outputs (Cui et al., 2024). That includes hourly and total maximum water elevation fields

5  (at all computational nodes), and six-minute water elevations at CO-OPS observation locations

6 (CO-OPS, 2026).

7  For probabilistic simulations, first a subset of hourly maximum water elevations in the vicinity of

8 the storm trajectory and landfall location are extracted from the SCHISM simulations of all

9  computational nodes. Two criteria of 1) bed elevation less than 25 m, and 2) 34 kt isotach of the
10  storm track, are used to subset the region of interest. Then aggregated outputs for the subset region
11 are saved as STOFS formatted outputs as well as six sets of outputs compatible with PSurge time
12 windows for probabilistic evaluations. That includes, both hourly maximum, and total maximum
13 water elevations for 1) the entire forecast period, 2) incremental, and 3) cumulative values for user-
14 defined (default of six-hour) intervals.
15 2.4.2. Probabilistic Evaluation
16 The Karhunen—Lo¢ve Polynomial Chaos (KL-PC) framework developed by Pringle et al. (2023)
17  is employed to generate probabilistic predictions from the limited ensemble size. First, the spatial
18  dimensionality of the outputs (subset of mesh nodes, on order of 10°) are reduced through KL
19  decomposition, obtaining approximately 10 dominant modes. Then, 3rd order PC surrogate models
20 are developed for each of these dominant modes. Through rearrangement of the KL-PC
21  construction, the PC coefficients (i.e., surrogate model) for each subset mesh node can then be
22 trivially computed (see Pringle et al., (2023) for more details). Finally, Monte Carlo sampling of

23 the KL-PC surrogates is performed to generate the probabilistic predictions. This includes 1)



https://doi.org/10.5194/egusphere-2026-4586
Preprint. Discussion started: 15 September 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

1  probability of water elevation exceeding certain thresholds ranging from 1ft to 20ft, and 2)
2  probability of water elevation exceedance for multiple thresholds ranging from 10% to 90% (with
3  20% intervals). These probabilistic analyses are conducted for 1) the total maximum water
4  elevation, and user-defined (i.e., six-hour) 2) incremental maximum, and 3) cumulative maximum

5  water elevations. Outputs are saved in netCDF files with a format similar to the PSurge GRIB files.
6 3. Case study

7  Three historical storms including Ike (2008), Sandy (2012), and Idalia (2023) are used to showcase

8  UPSurgeML performance across different coastal regions of the Atlantic and Gulf of America

9  (Fig. 3). Hurricane Ike was a category 4 storm that crossed over Cuba before making the landfall
10  as a category 2 hurricane on September 13, 2008 in Galveston, Texas. Hurricane Ike was one of
11 the largest storms in the Gulf coast region, which made landfall with maximum sustained wind of
12 110 mph (177 km/h), and made substantial damage on land as it moved over Texas and Louisiana
13 (responsible for at least 49 fatalities and over $24 billion damage in the United States), which made
14 it the third devastating storm to the United States at the time, after Hurricanes Katrina (2005) and
15 Andrew (1997) (Berg, 2014). Hurricane Sandy was a late-season hurricane with multiple landfalls
16 (as category 1 and 3 storms) in the Caribbean region before reaching the United States. Despite
17 weakening, it continued to grow in size before reaching the United States and made landfall as a
18  post-tropical cyclone (category 1 equivalent) on October 29, 2012 in New Jersey. Sandy caused at
19  least 147 direct deaths across the Atlantic. With near $50 billion damage to the United States, it
20 was the second most damaging storm since 1900 (Blake et al., 2013). Hurricane Idalia was a
21 category 4 storm, and made landfall on the Florida Big Bend on August 30, 2023 as a category 3

22 storm. It was the third strongest storm that made landfall in the Big Bend region at the time (with

10
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1 maximum sustained wind of 125 mph / 201 km/h), and caused 12 fatalities and over $3.6 billion
2 damage in the United States (Cangialosi and Alaka, 2024).

3 For all three storms, the official advisory tracks 48 hours before landfall are used to showcase
4  UPSurgeML for creation of probability fields and exceedance levels up to 96 hours forecast (48
5  hours after landfall). Section 3.1 provides a step-by-step guide for executing UPSurgeML for the

6  Hurricane Sandy case study, and the results for all three storms are presented in Section 4.

Wind_scales
Disturbance
Extratropical
Low
Tropical Depression
Tropical Storm
Category 1
Category 2
Category 3
Category 4
Category 5
— Ike (2008)
Sandy (2012)
— - Idalia (2023)

v
v
v
A
A
e
®
L]
°
L]

L S

8 Figure 3. Trajectory and intensity of Hurricanes Ike (2008), Sandy (2012), and Idalia (2023).

9  3.1. Step-by-step Model Execution
10  The first step to run UPSurgeML is retrieving the storm track and generating the trigger package
11 onthe dev machine. The following command retrieves the NHC advisory track for hurricane Sandy
12 (al182012) 48 hours before landfall from the web. It will generate the configuration file (with path
13 toinputs and outputs directories), and the trigger package that contains information of 40 perturbed

14 ensemble tracks with user-defined methods for predicting central pressure and RMW (Fig. 4).

11
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python ./dev/upsurgeml preptrack.py 20121028206 \
~/path to trigger dir/ \

~/path to results dir/ \

--config-id 4 \

--rmw regression penny 2023 \

--pc regression courtney knaff 2009 \

--ensemble online sandy 2012

O NOOAPRWN =

©

Where the config-id is a user-defined integer for keeping track of the configurations used (i.e.,
10  auto-trigged simulations) for model setup. It should be noted that running *.sh files
1 (dev/upsurgeml preptrack.sh,ordev/upsurgeml preptrack cron.sh) instead of the
12 Python code (shown above), will use default values and will have less flexibility for choosing data

13  retrieval methods and for determining how to handle missing values.

Sandy ofcl advisory track
Perturbed tracks

14
15 Figure 4. Hurricane Sandy official advisory track 48-hours before landfall and 40 perturbations of the
16 track (only the CT and AT trajectory perturbations are shown here) generated by UPSurgeML

17  The trigger config file generated from the command above contains the following line:

12
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1 allB82012 00 /path to tracks.dat 20121028 06 /path to results storage/
2 Once the trigger and configuration files are transferred to WCOSS, the following command will
3  run the simulations, conduct the co-processing step, generate aggregated files for probabilistic

4  analysis, and conduct probabilistic analysis:
5 ./dev/upsurgeml cronjob.sh 4

6  Where the number at the end defines the configuration ID (explained above).

7 4. Results and Discussion

8  UPSurgeML provides probabilistic prediction of user-defined probability fields and exceedance

9 levels for a) maximum, b) 6-hour incremental, and c) 6-hour cumulative water elevations. A few
10  selected sets of results are showcased here. Fig. 5 shows 50% (median) and 10% exceedance (90th
11 percentile) of maximum water elevations of the three storms with 48 hours lead time. Hurricane
12 Ike resulted in the highest elevations near the landfall location, followed by Sandy and Idalia. The
13 median water elevation near the landfall location of Ike exceeded 3 m, but was less than 3 m and
14 2.5 m in the vicinity of Sandy and Idalia landfall locations respectively. The 90th percentile (10%
15  exceedance) of water elevations exceeded 3 m for all storms. Comparison of exceedance levels
16  with maximum water elevations at the CO-OPS stations revealed that the 90th percentile well

17  represents maximum recorded water elevations especially in the vicinity of landfall locations.

13
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1

2 Figure 5. 50% (median), and 10% exceedance probability fields of the maximum water elevation for
3 Hurricanes Ike, Sandy, and Idalia. Ensembles of hurricane tracks are shown in gray. Maximum water
4 elevations at CO-OPS stations are shown with black squares.

5  The probability of maximum water elevation exceeding 3 ft (~1 m) and 6 ft (~2 m) is shown in
6  Fig. 6. For Hurricane Ike, the region exceeding 3 ft threshold is contained to the vicinity of the
7  hurricane track, but for Sandy and Idalia, a wider region across the Atlantic coast exceeded the 3ft
8 threshold, ranging from the East Coast of Florida to the North East New England region. This is
9  mostly a consequence of the tidal environment — microtidal in the Gulf of America and mesotidal
10  along most of the Atlantic Coast. This is why the 6 ft exceedance impact region is notably smaller,
11 especially for Idalia. Though indeed, Sandy’s impact region by this threshold is the widest, given

12 the large-scale nature of the storm.

14
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84°W B25°W BL°W 795°W 78°W 76.5°W 75°W

0.0 0.2 0.4 0.6 0.8 1.0
Probability of exceeding the threshold
1
2 Figure 6. Probability of maximum water elevations exceeding 3 ft and 6 ft thresholds for Hurricanes Ike,
3 Sandy, and Idalia. Ensembles of hurricane tracks are shown in gray.

4 In addition to probabilistic prediction of maximum water elevations, UPSurgeML provides
5 incremental and cumulative assessments for user-defined (here 6-hour) intervals during the (96
6  hours) simulation period. Fig. 7 shows the incremental probability of exceeding 6ft threshold for
7  6-hours before landfall, the landfall time, 6-hours and 12-hours afterward. For Ike, the probability
8 of exceeding 6 ft in the vicinity of the storm track is low (<0.5) up to 6 hours before and 12 hours
9 after the landfall, but very high probabilities (~1.0) close to or during the landfall time.
10  Probabilistic evaluation of maximum water elevations are useful for overall assessment of storm
11 surge, but incremental and cumulative results provide more details about the timing of extreme

12 values, which is crucial for timely emergency responses, and the issuance of early warning alerts.

15
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2 Figure 7. Probability of water elevations exceeding 6ft during four consecutive 6-hour intervals including:

3 6-hour before landfall, landfall time, 6-hour and 12-hour after landfall for Hurricanes Ike, Sandy, and

16
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1 Idalia. Ensembles of hurricane tracks are shown in gray. Red points show the center of the official

2 advisory track at the time of plot.

3 5. Conclusion

4  This study presented the UPSurgeML (v1.0), a semi-operational workflow for probabilistic
5  assessment of TC-driven storm surge. It’s a Python-driven and NCO compliant workflow which
6  makes it suitable for implementation on NOAA’s HPCs (i.e., WCOSS) during the hurricane
7  season. The deterministic form of the workflow was tested during the 2025 Atlantic hurricane
8 season and the probabilistic form will be tested during the upcoming 2026 Atlantic hurricane
9 season. The process is initiated with generation of a trigger package on the dev machine, which
10  contains hurricane track(s) and configurations for parametric wind model and hydrodynamic
11 simulations. The wind model (PAHM) and hydrodynamic simulations (with SCHISM) are then
12 conducted on WCOSS. A machine learning surrogate model framework is used to make
13  probabilistic predictions and output exceedance water level and probability fields. The workflow
14 performance was showcased for three historic storms across the Atlantic region including ITke
15 (2008), Sandy (2012), and Idalia (2023). UPSurgeML uses a similar triggering process as the
16  operational PSurge and generates similar probabilistic outputs, but unlike PSurge, it uses an
17  unstructured grid that enables cross-scale simulation from inland creek to open ocean.. The
18  machine learning framework of UPSurgeML also significantly reduces the number of ensembles
19 compared to PSurge for probabilistic prediction (~400-1200 to 40).
20  The current workflow only uses atmospheric forcing for surge modeling. Integration of inland
21 hydrology and wave setup in the future versions could improve surge prediction especially for wet
22  storms (e.g., Hurricane Harvey 2017; Huang et al., 2021) and regions where wave setup effects

23  are significant (e.g., Puerto Rico; Joyce et al., 2019). Another improvement to reduce

17
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1 computational cost can be generating storm specific mesh subsets with high-resolution around the
2 impact region (Cassalho et al., 2026) instead of using the STOFS-3D v2 mesh, which refines the

3 entire U.S. Atlantic and Gulf coastline with high-resolution.
4 Code and Data Availability

5  The current version of UPSurgeML is available on NOAA’s Office of Coast Survey (OCS)

6  modeling GitHub website: https://github.com/noaa-ocs-modeling/UPSurgeML. The version of the

7  model used for this manuscript, along with input and output files and the additional scripts used to

8  generate plots are available at https://doi.org/10.5281/zenodo.20801237 (Daneshvar et al. (2026).
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