
Classifying and Quantifying 
Materials from PGAA Spectra 
with Machine Learning

NIST’s Center for Neutron Research

Summer 2026

Presented by Cecilia Cohen, The Holton-Arms School
Mentors: Heather Chen-Mayer, Ibrahim Oksuz

1



NCNR cold neutron beam guide hall
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“de-excitation”
“Prompt”  -- transition occurs 10-12 s to 10-9 s

Example nuclear transition levels and prompt gamma ray emission probability
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H 2223

Si 3539
Si  4934

Cl 6111

Gamma emission energy range ~ 50 keV to 10 MeV

Partial gamma ray energy spectrum (H, Si, and Cl in concrete matrix)
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The Problem

• Analysis = slow, expert work

• Goal:
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Applications + Motivations
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Why use PGAA:

• Non-destructive, multi-
element composition 
analysis

• Highly penetrating 
neutrons/gammas

• Advantages over mass 
spectrometry and x-ray 
fluorescence

• Enables rapid 
classification and 
potentially quantitative 
analysis

Real-world Applications

• Infrastructure: Cl in 
concrete

• Geological/industrial 
materials: soils, rocks, 
coal/mineral exploration

• Oil & gas: on site 
elemental analysis in 
wells

• Security: proposed 
identification of 
contraband and 
explosives

Motivation

• Portable PGAA systems 
are technically capable 
of these  applications

• Creates a need for fast, 
reliable material 
classification and 
ultimately quantitative 
composition analysis



The Core Idea

• Training a model requires 
thousands of labeled spectra

• Time-consuming on hardware

• Software to generate training spectra
⚬ Use hardware just to validate if 

the synthetic spectra match 
reality
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What I Built

⚬ Synthetic spectrum 
generator

⚬ Analysis engine: 
classifier, composition 
finder

⚬ Desktop app (GUI)
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1. Pick a composition

Generating Spectra

x 9000 spectra
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Which elements, how 

much
One per element line, sized 

by physics

Continuum, background, 

blur

2. Add the gamma peaks 3. Add realism + noise



Add the Gamma Peaks
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The clean spectrum is a matrix product: A ȉ x = b
Counts at each energy = (how strongly the element emits there) x (how much of it)

Energy (keV)

Composition (fractions) Counts at each line



Add Realism
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https://www.sciencedirect.com/topics/physics-and-astronomy/compton-scattering
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Synthetic vs Real Urea



The Classifier

• Algorithm: Random Forest
• 2 RFs: fine and coarse

• Trained on 7200 spectra 
(80% of 9000)

Input: the spectrum as 4,095 
energy-bin counts

Output: category

RF Classifier
(coarse, 256 

bins)
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RF Classifier
(fine, 4095 

bins)

*Average predictions https://medium.com/@fraidoonomarzai99/random-forest-in-depth-f0556817c40b
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• 𝜎 = probability that a specific characteristic prompt gamma ray is emitted upon neutron capture

• 𝜀 𝐸 = how well the detector catches the specific ray

𝑎𝑡𝑜𝑚𝑠 ∝  
𝑛𝑒𝑡 𝑝𝑒𝑎𝑘 𝑎𝑟𝑒𝑎

𝜎 ×  𝜀(𝐸)

Composition finder (Classical method)



Pipeline
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H-content

• Hydrogen degrades silicon chips
• Tool returns H : Si ratio

• Atomic ppm
• Weight ppm
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https://www.technologyreview.com/2019/12/04/131742/a-silicon-chip-that-mimics-
the-brains-neurons-could-help-fight-paralysis/



Tkinter GUI
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Tkinter GUI
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Tkinter GUI
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Tkinter GUI
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Tkinter GUI
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Tkinter GUI
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Tkinter GUI
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Conclusion and Future Work

• Conclusion
• Built a PGAA tool that does two things from one gamma spectrum: an ML classifier names the 

material class, and a classical physics engine measures the elemental composition.
• All my original code.
• Trained entirely on 9,000 physics-based synthetic spectra, then tested on real reactor spectra 

it never saw.
• Results:

• Classifies 5 of 6 real reference materials correctly, across 6 classes (biological, geological, 
metallic, semiconductor, glass, salt).

• Recovers urea's H / C / N composition to a mean absolute error of 0.009 vs. the known 
formula.

• Future Work
• Improve the high-energy continuum (multiple-scatter modeling)
• Extend to other detectors (user-supplied efficiency curve)
• Deepen the line library
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THANK YOU
Any questions?

Summer 2026
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ML Quantifier 
Classical Method

Attempt #:
1. RF on raw bins
2. RF on peak area features
3. Classical peak-area / NNLS engine

__________________________________________________skill =
error of the class-average guess

error of the class-average guess − error of the model

Skill > 0  model is reading the spectrum

Skill ≈ 0  reciting class average

Skill < 0  doing worse than the class-average guess
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PG  Line Library
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Prompt-gamma library used throughout project.  We only look at the top 15 lines by cross 
section (𝜎) for each element.



Classification Results
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Urea Comp
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Composition Results
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