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Sources of radioxenon in Europe
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SAUNA Qg

 Asmaller, mobile and easily installed
SAUNA system.

« Several units in a network improves the
ability to localize a source.

« The sensitivity of each unit can be lower m‘
—> each unit can be built at a lower cost







SAUNA Qg — an array

* Five systems installed in
Sweden

o (Co-located with our air filter
stations

 There is also an IMS NG-
station, with a SAUNA IlI-
system in Kista, Stockholm
(SEX63).

Ljungbyhed

Visby
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Statistics from the network

« Data availability during 2021-05 -> 2023-02 (21 m, 648 d)
— SEX63 - Kista — 601 days
— CUBO1 - Hagfors —
— CUBO2 — Umea — 557 days
— CUBO03 - Ljungbyhed —
— CUBO04 — Visby —
— CUBO05 — Uppsala/Kiruna — 256 days
« Some initial problems, especially in Kiruna

* Ca 90 plumes of Xenon hits Sweden during this time—> 1
plume a week with approx 15 observations per plume
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Sample association with machine learning

* Trained a neural network using synthetic data,
where the answer is known.

* The synthetic data is ~3000 simulated events,
randomly distributed in time and space over
2018, in Europe.

« Evaluates if two samples, s1 and s2, are
associated or not.
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Sample association with machine learning

The input properties to the network N are:

* The activity concentrations of s1, s2

* The distance between the stations

* The time difference of the detections

* The minimum distance of the Hysplit backwards trajectories.

N(ac1, ac2, Ad, At, min(A traj)) will return 1 of the two samples
are associated and 0 if they are not.
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AC of Xel33 [mBqg/m3]
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 The ML algorithm was applied
on data from the Swedish Cube
array + SEX63 and Hysplit
trajectories

« 86 plumes identified over 22
months — around one plume
per week hits Sweden

« ~20 samples per plume




Case 1 - Fleurus
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Case 2 — Russia / Eastern Europe

AC of Xel33 [mBg/m3]
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Case 3 — Northern Russia

time = 2022-05-24T719:00:00, z = 100 1.000
AL L B DL B AL B LA B LN BN J
2.00¢ o —— SEX63 7 .
1750 —— CUBO1 j . . 0.833
T CUBO2 ] ,
T 150} —— CUBO3 '
@ 1250 y ] L 0.667
E ; A °
™ 1.00} .
7 s : - 0.500 &
X 0.75f o
G : X
U o
Q o.soE S 0.333
0.25} :
0.00¢ 0.167
'VQ
I'L
S 0.000

Umea Kista || Ljungbyhed Hagfors

GFol



Conclusions

 The array concept works!
* An array is a powerful tool to identify radioxenon sources.
« Several detections from different locations reduce PSR

 |dentification of samples with common origin could be
performed using ML

* An extension to cover larger areas would be desirable
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Future

* Improve data availability. (Spare parts, manpower...)
« Develop array analysis tools.

 Automate ATM calculations.

* Include non-detections in calculations.

 Include release data (STAX, etc.)

* Expand the network?
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