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1. Introduction




Simulation

Following Luan’s work tuning the digitization parameters for Fusion HG, the low
energy ER simulation can now be properly used for the trigger study.

The 0.25 and 0.5 keV ER simulations were digitized and prepared to be used by
the CNN and filter trigger methods.
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ER events: 3000 events per energy.

Split: 60% training / 20% validation / 20% testing.

Noise: 6000 events extracted from Run5 pedestal runs (60005 - 60444).
Primary Focus: 0.25 keV events (most challenging detection).



Data split
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The data split was performed using k-fold to balance event distribution across datasets
based on energy (ADC counts).

Some ER events contain very low ADC counts (down to a minimum of 4 ADCs).
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Filtering data preparation

Simulated 0.25 keV events were transposed to random positions on the image
(with vignetting applied).

Signal labeled events: 1800 and 600 images with signal combined with noise for

training and validation, respectively.
o Norestriction in energy.

Noise labeled events: 1800 and 600 noise images for training and validation,
respectively.



2. Filtering training




Gaussian Filter

Filtering training

e Applying the filters on the training dataset
results in two distributions.

Occurrence

e These distributions may be used on ROC

curves to evaluate the results.

o All possible thresholds are wused to
measure the true positive rate (TPR) and
fFalse positive rate (FPR).

o TPRisanalogue to signal detection.

o FPRis analogue to false alarm.
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Gaussian Filter ROC curve

e The idea is to use different Filter
configurations aiming for the best ROC

curve.
o The metric chosen for evaluation is the
AUC.

o For a given configuration, the threshold
that maximizes the F1 score is chosen.




Configuration selection
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Filter Dataset AUC TPR FPR F1
Gaussian | Training | 0732300196 | 0.6722 55550 | 0.0361 LG o077 057870 o
Filter +0.0372 +0.0194 +0.0278
Validation | 0.7100 4+ 0.0348 |  0.6483 *3-0372 00433002 0276865 00508
Matched | Training | 0731300196 | 0.6806 70031 | 0.0517 79003 07868 oo
Filter
Validation | 0.7096 + 0.0349 |  0.6600 "5 9308 00650 50 0765250 D558
Average | Training | 0.7063+0.0201 | 0631113858 | 00217 *5g0E T8y o
Filter
Validation | 0.6834 + 0.0360 | 0.6250 *0-03r% 0028350150 076600 ER0E
Median | Training | 0.6209 +0.0216 | 0.5617 F3:9228 | (.0589 *5-01i8 Q69820
Filter z
Validation | 0.5998 £ 0.0378 | 0.5467 ' 0300 00567 ST EE 0:6819: 500241

Validation performance was slightly lower

fluctuations in the dataset.

than training, likely

The Gaussian and Matched filters yielded the highest overall performance.

due to statistical




3. Test dataset




Trigger comparison

0.25 keV 0.5 keV
Trigger AUC TPR FPR F1 Trigger ‘ AUC TPR FPR F1
Gaussian Filter | 0.7293 + 0.0336 0.6500 09371 AT ey 0.7655 +0.0277 Gaussian Filter | 0.9784 +0.0109 0.9667 0 o BE e s 1o
CNN 6 layers | (0.7874 % 0.0308 15 gl 0.0450 *9.01e 0.8046 *5-021% CNN 6 layers | 0.9795 +0.0101 0.9633 T0-9123 0.0450 790197 0.9593 .20
CNN 7 layers | 0.7847 £ 0.0311 0:7400%0 2333 iy e 0.8080 *5- 053¢ CNN 7layers | 0.9800 £ 0.0103 0.9700 F0-0109 0.0917 +0-0258 0.9410 +0-919
CNN 8 layers | 0.7925 4 0.0302 0.7350 30587 0.1000 5026 08010 *210%0 CNN 8 layers | 0.9759 +0.0101 0.9617 *0.91%7 0.1000 50268 0.9329 *0-0150
CNN 9 layers | 0.7936 + 0.0306 [ e Qosgl o 0.8189 *5 0238 CNN 9 layers | 0.9825 % 0.0095 0.9683 50113 O e (400 o

The CNNs easily outperform the Gaussian Filter as an image-level trigger on the 0.25

keV dataset, whereas they are technically tied on the 0.5 keV.




Energy histogram - Test ER_hg 0.25 keV
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The reconstruction algorithm was used
on the test dataset.

Occurrence

It detected 419 (~69.8%) of the 0.25 keV =4
and 584 (~97.3%) of the 0.5 keV signal L - -

CI.U Ste FS o Energy histogram - Test ER_hg 0.5 keV
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It detected 233 noise clusters on 180
images (~30%).

Occurrence
8

There were some cases where a signal
was detected by the reconstruction, but
not by the trigger algorithms.
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Reconstruction comparison

Some low energy events are highly affected by the position in noise they appear
in terms of detection.

Five 0.5 keV events that were detected by the reconstruction, but not by both
trigger algorithms were selected for some tests.

o The signals were transposed by 200 px in each one of the Four directions.

o The reconstruction and trigger were then applied on these events (vignetting effect
disabled).
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Reconstruction comparison
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e Reconstructed event energy (in ADC) varies significantly depending on local noise
background, occasionally not being detected by the algorithm.

e The CNN really struggled with the events 519 and 559, but generally detected the other 3
events.
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The CNN struggled with this event probably due to its location on the patch.



Processing time

Trigger algorithms prediction time

(2
H
o

e The Gaussian Filter takes ~15 ms to
process one image on a Tesla T4 GPU.
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e The 6-layer and 9-layer CNNs require ~82
ms and ~150 ms per image, respectively.
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e These processing times did not consider
the image load and allocation at GPU, : e
only the actual trigger prediction.

Gaussian Filter CNN 6 layers CNN 9 layers
Trigger algorithm




4. Conclusions




Conclusions

The Gaussian Filter achieves detection efficiencies of ~65% (0.25 keV) and ~97%
(0.5 keV) with a ~5% False alarm rate (20x rejection factor).

The CNN achieves ~72% (0.25 keV) and ~97% (0.5 keV) detection efficiencies with
a ~4% False alarm rate (23x rejection Factor).

The Gaussian Filter and CNN need ~15 ms and ~150 ms to perform the trigger,
respectively, using a regular GPU.



Next steps

Develop a proper methodology to use the reconstruction output as a
benchmark for detection performance.

Compare with the pixel level trigger.
Write a paper about these results (also analyse real data).

Apply this fFramework to QUEST images.









