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What did | present last year?

Main objectives:
- Learn MELCOR

- Highlight key parameters to influence big-scale condensation
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T1.1 test of TEMPEST project  PSI
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HP4 test series of HYMERES project - ,,Spray and cooler*

Assessment of the combined effect of the

cooler and spray on the distribution of gas

species (air, steam, helium) inside a containment

The test HP4_0 serves as a “Base Case” for the

test series.
No spray actuation in base case

Carried out in large two vessels
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Figure 5.1: Evolution of gas temperature distribution
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| PSI

What do | show this year?

- Collection of flat plate and on-tube condensation data
- Development of preprocessing pipeline
- Hyperparameter sweep for different machine learning models

- ML model performance vs classical correlations
- MELCOR-TNG plugin application
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Motivation

Best existing correlations: ~17% MAPE (Cho 2022),
most >25%

MELCOR's built-in HMTA model: 35% MAPE

All correlations have limited validity ranges
(geometry, NCG type, pressure)

Goal: a single ML model that generalizes across all
conditions

Current scope — explicit features from data
Future scope — adding physical features
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Prediction Accuracy of Existing Correlations

Cho (2022) 17.3%
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Experimental database

* 26 campaigns spanning 1965-2023, two geometries
(flat plate, on-tube)

* Pressure: 1-20 bar,

* subcooling: 5-115 °C,

* NCG fraction: 0.02-0.95

* Shortage of flat plate data

7 PSI Center for Nuclear Engineering and Sciences

Count

Count

ambrosini_2008
chung_1999
fan_2018
dehbi_1991
anderson_1998
bian_2021
su_2013
cao_2021
niu_2021
swartz_2017
tong_2016
kim_2009
park_2022
kang_2021
yi_2016
zhang_2021
kim_2020
kawakubo_2009
lee_2017
liu_1999
tagami_1965
su_2014
jang_2018
ahn_2007
hwang_2022
uchida_1965

Experimental Database: 2,486 Samples from 26 Campaigns
(after preprocessing of ~3,200 raw measurements)
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Preprocessing pipeline PSI

* ca 3,164 raw measurements - 2,486 model-ready samples
* (CO,; campaign excluded (598 samples) — different condensation physics & data leakage issues
* 1 exact duplicate removed, 79 statistical outliers flagged and removed

* 14 raw experimental features (no derived/nondimensional quantities)

-598 -1 -79
(CO2 campaigns) (exact duplicate) (stat. outliers)

— — -~ =

Raw CO:2 Outlier Model-Ready
Measurements Exclusion Removal Dataset

n=-~3,164 n = 2,566

= Group-aware train/valftest split (80/10/10 by campaign) + StandardScaler fit on training data only + 14 features - all raw experimental conditions (geometry, pressure, etc.)

8 PSI Center for Nuclear Engineering and Sciences 28.04.2026



HP sweep statistics y PSI

Model HP Configs Tested

e 216,000+ hyperparameter configurations XGBoost 56,954
explored across 5 model types LightGBM 134,649
Neural Network 21,730
CatBoost 972
* XGBoost & LightGBM: <1 s per config - bulk Random Forest 1,944
of exploration budget Total (exploration) Lot
* Neural networks & CatBoost: 2-3 min per Computational Cost: Average Time per Configuration
config - targeted grids CatBoost 179,65
LightGBM { 0.8s
* 3 random seeds per configuration for § Nevral Netwer 129.25

oy andom Forest{| 1.2s
stability assessment rencem roret

XGBoost 4 0.7s

0 25 50 75 100 125 150 175 200
Average Train Time per Configuration (seconds)
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ML performance

Neural Network: 7.8% MAPE, R2=0.925 —
best overall

XGBoost: 11.7% MAPE, R?> = 0.886 — best
tree-based model

Regime heatmaps: NN errors uniformly low
(5—13%) across all bins

High-pressure + low-NCG is the hardest
regime for all models
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Comparison to existing correlations
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ML models outperform all 14 correlations — even
those with derived inputs (marked *)

NN: 7.8% MAPE, 93.8% within +20% — on 100% of
the dataset

Most correlations only valid for a subset
(25—88% of samples)

ML advantage: no validity range restriction, handles
both geometries
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PSI

Model MAPE (%) Wx20% (%) Valid Range Samples
Neural Network 7.8 93.8 2486 (100%)
XGBoost 11.7 83.4 2486 (100%)
Cho (2022)* 1773 66.2 1360 (55%)
Su (2013) 18.1 73.9 774 (31%)
Random Forest 18.3 62.4 2486 (100%)
Kim (2020)* 19.2 60.6 700 (28%)
Cao (2021) 221 61.5 1183 (48%)
Wang (2023)* 22.6 62.9 1734 (70%)
Fan (2018) 25.3 54.6 965 (39%)
Lee (2017)* 26.5 42.2 735 (30%)
Dehbi (2022)* 29.1 50.8 2182 (88%)
MELCOR HMTA* 35.1 22.8 2486 (100%)
Dehbi (1991) 36.3 19.1 624 (25%)
Kataoka (1992) 50.6 14.4 787 (32%)
Uchida (1965) 51.0 12.1 1824 (73%)
Murase (1993) 55.4 15.3 902 (36%)
Tagami (1965) 57.5 2.8 780 (31%)
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MELCOR-TNG

 MAI plugin replaces HMTA closure at the heat-
structure boundary

MELCOR-TNG Thermal-Hydraulic Loop

MELCOR-TNG
TH Solver

Control Volume
State (P, T, X)

Heat Structure

Boundary Cond.

| T_wall

* Inputs: Explicit TH parameters from MELCOR- l
TNG )
* OQOutput: h fed back into the thermal-hydraulic
loop .
* Main question currently — what is h? - {
 Model-agnostic runtime layer — currently
preliminary with XGBoost, extensible to other {
ML models

Wall HTC
Assignment

}ﬂ

e Whatis the inference time?
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MAI Plugin

Feature Extraction
from M-TNG State

|

Feature Scaling
(loglp + StandardScaler)

l

Model Runtime
& Inference

|

Inverse Transform
& Physical Clamp
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Future work PSI

Feature engineering: physics-informed inputs (Sherwood, Grashof, fluid parameters)

Working plugin implementation
e Verification to confirm matching performance to MELCOR

* Validation on some database experiments — native MELCOR vs ML models

Coupled MELCOR-TNG benchmarks: PANDA T1.1, HYMERES HP4

Uncertainty quantification for out-of-range detection
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Conclusion

14

Database of 2,486 condensation HTC measurements from 26 campaigns (1965—
2023), two geometries, 4 NCG types

ML models (NN: 7.8%, XGBoost: 11.7% MAPE) outperform all 14 tested
correlations

No validity range restrictions as models cover the full experimental parameter
space

MELCOR-TNG plugin architecture designed:
* feature extraction - scaling - inference - physical clamp

Next priority: implement and verify/validate the plugin (resolve h definition,
match Python predictions in C++, validate against integral experiments)
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Thank you for paying attention!

Thank you for organizing EMUG!

Rainer Kelk | PSI | rainer.kelk@psi.ch
21.04.2025, EMUG
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