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Cherenkov Radiation
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* Cherenkov Radiation (photons) emitted by a 2
particle moving in a medium with a speed greater i 4

Sparticle = Pct

than the speed of light in that medium. \

* These photons form a cone, which gives a ring on
the photodetector plane.
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* Cherenkov Radiation (photons) emitted by a 2
particle moving in a medium with a speed greater i 4

Sparticle = Pct

than the speed of light in that medium. \

* These photons form a cone, which gives a ring on
the photodetector plane.

* These rings are conventionally fitted with Hough
Transform.



Cherenkov Radiation

* Cherenkov Radiation (photons) emitted by a
particle moving in a medium with a speed greater
than the speed of light in that medium.

* These photons form a cone, which gives a ring on
the photodetector plane.

* These rings are conventionally fitted with Hough
Transform.
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Can you generate a diagram showing working of hough transform

INPUT IMAGE EDGE DETECTION HOUGH -~
= INPUGT -~ ey T o5
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)

Here's a diagram illustrating the working of the Hough Transform, depicting the steps from the
input image, through edge detection, to the Hough space where line intersections are visualized.
Each step is annotated to help show how edge points from the input contribute to sinusoidal
curves in Hough space, forming peaks at potential lines. Let me know if you'd like any adjustments

or additional details!



Hough Transform

* The Hough Transform complexity increases

significantly with the number of parameters
involved i.e O (A" ?) where A is the size of the

image space and m is the number of parameters'.

1. Shapiro, Linda and Stockman, George. "Computer Vision", Prentice-Hall, Inc. 2001
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Hough Transform

* The Hough Transform complexity increases

significantly with the number of parameters
involved i.e O (A" ?) where A is the size of the

image space and m is the number of parameters'.
 ~10 MHz trigger rate 1s expected in CBM/FAIR
and a faster algorithm will be needed to speed up

the online analysis.

* Can Deep Learning algorithms help?

1. Shapiro, Linda and Stockman, George. "Computer Vision", Prentice-Hall, Inc. 2001



Hough Transform

The Hough Transform complexity increases
significantly with the number of parameters

involved i.e O (A" ?) where A is the size of the
image space and m is the number of parameters'.

~10 MHz trigger rate is expected in CBM/FAIR
and a faster algorithm will be needed to speed up
the online analysis.

Can Deep Learning algorithms help?

U-Net architecture already able to find rings in
high density region’.

1. Shapiro, Linda and Stockman, George. "Computer Vision", Prentice-Hall, Inc. 2001
2. https://indico.nikhef.nl/event/4875/contributions/20267/attachments/8238/11744/Kisel EuCAIFCon_2024.pdf
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https://indico.nikhef.nl/event/4875/contributions/20267/attachments/8238/11744/Kisel_EuCAIFCon_2024.pdf

U-Net Model

* Originally proposed for medical image segmentation

to search for tumors in MRI images?>. . .
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Unet architecture?

3. https://medium.com/@ashishjamarkattel 1 23/image-segmentation-computer-vision-ea4e6{833bc5
4. https://arxiv.org/pdf/1505.04597.pdf



U-Net Model

* Originally proposed for medical image segmentation
to search for tumors in MRI images?>.

MRI SCAN

* The U-Net architecture follows an encoder-decoder
cascade structure, where the encoder gradually
compresses information into a lower-dimensional
representation and decoder decodes this information
back to the original image dimension.

MRI SCAN MASK

S output
TIADE || o : 2
’ dﬁ: 5 ol b Segmentation
miag

]‘[I*Ij m we COMY 323, Rell
'y . t copy and crop
B-i-1 § max pool 2x2
¥ . ¥ § up-conv 2x2
Coe——r—— e R

Unet architecture®
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4. https://arxiv.org/pdf/1505.04597.pdf



U-Net Model

* Originally proposed for medical image segmentation
to search for tumors in MRI images?>.

MRI SCAN

* The U-Net architecture follows an encoder-decoder
cascade structure, where the encoder gradually
compresses information into a lower-dimensional
representation and decoder decodes this information
back to the original image dimension.

MRI SCAN MASK

ingut

* The architecture gets an overall U-shape, which mage ol *1*]*| Segmentaton
map
leads to the name U-Net.
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Unet architecture?

3. https://medium.com/@ashishjamarkattel 1 23/image-segmentation-computer-vision-ea4e6f833bc5
4. https://arxiv.org/pdf/1505.04597.pdf



Training the Model

* The general work-flow followed for training is shown i
in the figure. .
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Training the Model

The general work-flow followed for training is shown i
in the figure.
The model is trained on 850 images. Biss throash
HADES Detector
geometry

The time taken for training 1s ~5h in CPU with specs
17 (12 cores,32GB RAM) for 40 epochs. = .

’v ‘ | Generate corresponding

. . 200 |Generate Rich Single| mask image (center of
The IOSS funCtlon used 1S 250 ’ Event Plots rings from Hough
. . . . Transf
BCEWithLogitsLoss and Adam optimiser. = =
| Pass tgrough
U-Net for
training

Apply on images| Final Parameter
250 to get model | » Estimation and
00 predictions Fitting
350 .




Model Predictions

* The prediction time of the model is ~ 0.04
sec (on CPU only) compared to ~ 0.17 sec
taken Hough Transform.




Model Predictions

* The prediction time of the model is ~ 0.04 ° — 0 el . Predicted Mask
sec (on CPU only) compared to ~0.17 sec * *
taken Hough Transform. - . o
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* Different kind of masks (filled circles, 25 250 250
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Model Predictions

* A threshold (sigmoid function) on the model predictions
was also applied.




Model Predictions

* A threshold (sigmoid function) on the model predictions
was also applied.

e The optimal threshold was found by using Dice
coefficient.




