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Overview

e Radiation, Backgrounds, and Source Search

e The Urban Radiological Search Competition
 NMF for Background Modeling

e Extending NMF for Detection and Identification




Radioactivity 101

Chart of the elements

Z, no of protons

N, no of neutrons
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Common types of decay:

*  Alpha (helium nucleus)

e  Beta (electron or positron)

e Gamma (high-energy photon)

Gamma-ray properties:

*  High energy photon (neutral)

. Discrete, characteristic energies
e Mean path ~ O(10s) meters in air
*  Typically follow other decays

Gamma-ray interactions:
(1905) Transfer all energy to an electron

remainder in a new photon

(1927) Transfer some energy to electron,

(1948) Create an e-/e+ pair w/ kinetic energy
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Gamma backgrounds and

Gamma-ray backgrounds:
. K,UT
. Nuisance sources

A background flux field:

. KUT, varying amounts in everything
. Emission, scatter, propagation

Gamma-ray detection:

*  Measure deposited electron energy
e Limited energy resolution

e Poisson regime, additive signals

Source search:

*  Look for sources in places they
shouldn’t be
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2614 keV emission from concrete and detection in Nal
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Naturally occurring radioactive material:
Potassium (K)
Uranium 235 and 238 decay chains (U)
Thorium 232 decay chain (T)
A background flux field:
KUT in varying amounts in ~ everything
Gamma-rays propagate and scatter out of materials and through the air
Nuisance sources:
Medical patients
Industrial tools
Gamma-ray detection:
Measure deposited electron energy
Limited energy resolution
Poisson regime, additive signals





A competition to compare algorithm performance

Urban Radiological Search Competition
*  Gamma-ray interaction
—  Pairs of Energy and AT
*  “Runs” (each is ~100-700 seconds)
. 5+1 source types
*  Labeled training runs

*  Unknowns
— Vehicle speed
— Lane position
— Scene

Objective

*  Detect and identify sources that are present in
testing runs

Coming to Kaggle later this year...

Direction of detector movement

Example Street and Source

e |

Gk T 1 .
TRy = e
=
' I “
i
i

-

-

eapiy |2

NI

Df -

3 locations of a source

BERKELEY LAB



Sodium lodide (Nal) gamma-ray spectra

2 second spectrum at t=1.5
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e Observed spectra
— Low rates, Poisson noise
— Poor resolution
— Dynamic source encounter

2500 70

Variable backgrounds driven by

local scene
— K, U, Tin materials
— Scattering in materials
— Scene geometry

Example source run waterfall
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B
Non-negative Matrix Factorization

Lee and Seung. 1999 Nature.

Learning the parts of objects by non-negative matrix factorization.
Multiplicative rules for squared error and Kullback-Liebler divergence
Alternating Poisson ML-EM
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Non-negative values
Non-orthogonal
Additive components
Non-convex!



Accurate and physical background modeling with NMF

Approach: Results:
* Low-rank background models from NMF e Basis vectors that encapsulate the primary
e Bases encapsulate primary modes of additive modes of variability

variability e Count contribution of each basis vector

NMF Components from a mobile Nal system

Benefits:
107! - —— Component 1
* Linear, non-negative models are well motivated —— Component 2
by underlying physics —— Component 3

— As opposed to PCA/SVD
e  Poisson loss — statistically accurate

e  Physical model is amenable to data fusion with
contextual data streams

e Easily extensible (source templates)
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Physical phenomena in factorized gamma-ray spectra

Exploring radiological backgrounds over large areas with aerial survey data

Survey flew repeatedly over a land/water interface

“Distant” component rises first, followed by “nearby” component

“Radon/cosmics/aircraft” component stays constant
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Extending this approach for detection and identification

Adding source templates:

Background bases can’t describe spectra-vvlfh/7
sources present

Extend the basis set with source templates

Can be employed recursively if multiple
sources are present

Testing for alarms:

Likelihood ratio test is used to test the
improvement to the fit
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empirically based on desired false alarm
rates
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Example detection (HEU unshielded)

15 Weights

—— Input spectrum — bkg1l
— Fit
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1200 1
10% 4

[
[=]
[=]
o

Events per integration time.
[=)]
=]
=]

500 1000 1500 2000 2500 o 20 40 60 80 100
Energy (keV) timestamp




Example detection (I-131)
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Empirical threshold setting

e Evaluation on known background data allows empirical threshold setting
At the moment templates are treated independently
— Could instead consider all templates when setting thresholds
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Next Steps

Performance
— Second order fitting
— Non-random initialization
—  Priors and regularizers

e  Beyond the LRT

— Use classifiers with loss, weights, etc... e

e

*  Approaches to template training

. Hyper parameter optimization
—  Step time and integration time selection
— Component numbers

. List-mode processing

e  Detector response de-convolution
—  Perform detection/identification in flux space rather than deposition space
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Maximum Likelihood - Expectation Maximization

A=Vw e The MLEM iterative solution was derived
for image reconstruction
t — xcounts in detectors
t+1 W vT X o
W - Vwt — w activity in voxels
\ A w — V sensitivity of detectors to voxels
A=VW e Extends to the case where X and W are
matrices
t
Wil _ W T X
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ML-EM for analyzing spectral data

Spectral analysis

X;: measured spectrum at
time i
W;,: weight of component O
at time |
Vo : magnitude of component
Oinenergy bink
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RadMAP

RadMAP data around the Bay Area

Hyperspectral Cameras
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