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Pebble Assessment

 Objective: Simulate arealistic detected gamma spectrum froma
gFHR fuel pebble and use ML to make predictions with it

* Challengesand Considerations:

— About 2,300 pebbles leave the core a day, givingus about 40
seconds max to measure each pebble

— Evenwith decay times of up to several days, pebbles emit on
the order of 103 gammas per second

— Foradetector, this could lead to serious dead time without
prohibitively expensive shielding

¢ Can ML provide an edge over regression approaches?
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Hypothetical Burnup Measurement System

Discharged fuel

Defueling Additional
Chute Storage*

@ 0-10 days of cool down

Concrete Wall

I Measurement

Room

Discarded fuel
(burnup exceeds
threshold)

Reinserted fuel @ Max: 40s per pebble, per detector
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Detected Spectrum Generation
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Emitted Gamma Source Generation

* Discharge compositions used to generate
spectra

— Unique, pebble-level data from HxF
— Kairos Power gFHR at equilibrium
 Different decaytimes between 0 and 10 days
— 120second variance applied
« Spectraproduced in Serpent
— Decaystep (neutron mode)
— Gamma source (photon mode)
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Total pebble distance 250 cm

Detector Model (HPGe) Gtimartenst 4

Detector Dimensions 6.06 x 6.69 cm
Photopeak Efficiency @ 1MeV | 2.19 x 108

Attenuation Disks
concrete wall

Pebble Detector

Lead bricks

q\ ] 1 —l

Fuel Pebble Double Cone (based on

Tungsten GMX40P4-83)
Collimator

Tungsten Slee
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Total pebble distance 170 cm

Detector Model (LaBrB) Collimator Length 27 cm

Detector Dimensions 76x7.6cm
Photopeak Efficiency @ 1MeV | 1.87 x 107/

Attenuation Disks
concrete wall

Lead bricks

\ ‘ LaBr; detector

Fuel Pebble Double Cone (76x76 mm)
Tungsten
Collimator

Tungsten Slee
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Detector Response Simulation: Tally

Simulated at 16 different source energies
Monoenergic source sampled from pebble
Pulse height tally in detector crystal

Energy bins in the tally are divided to capture different
reactions:

— Coarse bins (20-50 keV wide) for continuum

— Very fine bins for discrete energies (photopeak, pair
production, single and double escape peaks)
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Detector Response Function

« 12000 channels from 0.25 MeVto 4.7 MeV
Discrete peaks efficiencies are interpolated
. Continuum iS ﬁt With 3 RFR model Detector Response from 3.7502 MeV Source
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Detector Response Matrix

Emission Spectrum

Loz Detector Response Matrix (log scale) Average Incident Spectrum
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Dead time and pile-up

40s measurement timewith 0.4s standard deviation
With average countrate Rand measurementtimet:
« Sample total counts N~Poisson(Rt)

HPGe Dead Time | 6 us
LaBr3 Dead Time | 0.016 ps

» Sample N energies E from average spectrum Paralyzable

— Gaussian broadened =
* Sample Nwaiting times t~Exp(1/R) ‘P’H_‘ W |
Eventsarriving: VAN AAN
* during peaking time are summed V.
* during dead time are rejected
« afterarerecorded normally B Coprcsct b i S
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Pebble Prediction
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Pebble Assessment: Two Layers

\\"”LM ML Nuclide ML History

Models Concentrations Models Parameters
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Nuclide Feature Importance (Ideal)

« A Random Forest Regressor Nuclide Importance for Thermal
(RFR) modelis trained for each _Fluence on Last Pass
history parameter using actual 0.041
concentrations from Serpent

- |Informs which nuclides we need

0.03 1

0.02 1

Mean decrease in impurity

to predict 0.011

o 1 1 1 0.00
Highlights physical trends and IO IOIR 319 99
correlations o> P T e T gt e

Nuclide
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Spectrum Feature Importance

239Py Channel Importance

« Foreach nuclide, aRFRisfit using
the actual spectral data

- Themostimportant channels are
determined il

- Then,a NN modelistrained and its " botoctrtner o
hyperparameters optimized using

only useful channels

- Rarely determined by that nuclide’s W\ (ty. F1.678 d)

own decay gammas

100,

1.50 1.55 1.60 1.65
Energy (MeV)
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Final MOdel Training Random Forest Regressor Parameters

Max Depth 14

- Neural Networks are optimized # Estimators 1002
foreach history parameter Min. Feature Split | 1
using the predicted important Bootstrapping True
nuclides Neural Network Parameters

-  Number of hiddenlayers and # Epochs 300
layer sizes are coarsely Batch Size 256
optimizedinlarge grid search Activation ReLU

Learning Rate 0.001

Network Sizes (8, 2), (64, 8),
tried (128, 16), (36)
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History Metrics Performance

R? accuracy of model (HPGe — 40s measurement — 5d decay)

LR on full NN on pred. RFR on actual

Spectrum nuclides nuclides
%FIMA (burnup) | 0.8021 0.9740 1.0000
Residence Time | 0.8003 0.9671 0.9999
Passes 0.7974 0.9691 0.9999
Avg radial path | -1.9720 0.6643 0.9554
on last pass
Thermal fluence | -3.9159 0.5576 0.8468
on last pass

Baseline Detected Idealized
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History Metrics Performance

R? accuracy of model (LaBr3 — 40s measurement — 1d decay)

LR on full NN on pred. RFR on actual

Spectrum nuclides nuclides
%FIMA (burnup) | 0.7770 0.9856 1.0000
Residence Time | 0.5851 0.9888 0.9999
Passes 0.5825 0.9848 0.9999
Avg radial path | -1.8001 0.8969 0.9554
on last pass
Thermal fluence | -6.2175 0.8369 0.8468
on last pass

Baseline Detected Idealized
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Conclusions & Final Work

* Conclusions
— Machine learning offers greater accuracy than linear regression
— Timing resolutionis more important than energy resolution
— HPGe detectors may be prohibitively expensive to run
*  Future Work
— Explore other detector choices & further optimize setup
— Rundifferent measurement times (multiples of 40s)
— More extensive ML model optimization
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Thank you!
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