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INTRODUCTION: SCINTILLATION DETECTORS
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INTRODUCTION: COINCIDENCE DETECTION IN PET
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Coincidence detection is the backbone of Positron emission tomography (PET) as well as many experimental nuclear
physics techniques. 3
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OBJECTIVE: Extract accurate ToA information from the pulses of each
detector in order to improve their coincidence time resolution (CTR)

e Some traditional gamma timing methods:
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Figure. Leading edge discrimination (A) and Constant fraction discrimination (B)



COMMON ML APPROACH:

1. Measure coincidences at different

positions.
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Courtesy: Improving the Timing Resolution of Positron
Emission Tomography Detectors Using Boosted Learning—A
Residual Physics Approach (Naunheim et al. , 2023)

2. Save waveforms for both detectors for each

coincidence event.
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3. Use both waveforms as inputs and train a

NN using the expected ToA differences as a
labels.



A fully operational PET scanner has
thousands of different detector-pair
combinations!!
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METHODS: HOW TO TRAIN WITH SINGLES
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METHODS: EXPERIMENTAL SETUP

e Training data:

Acquired with a 22Na point source with a
pair of conic 2” LaBr3(Ce) detectors in
coincidence mode connected to Hamamatsu
R9779 PMTs sampled at 5 Gs/s.

e Validation data:

Same hardware. Detectors separated
10 cm and source moved in positions (-
6cm,-3cm,0cm, 3cm, 6 cm) along
the line of response.
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METHODS: DATASET GENERATION (VIRTUAL COINCIDENCES)

Add random delay
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METHODS: MODEL INPUTS

The first approach would be to use the cropped waveform itself.

e PROBLEM: Size of input space. In PET we need fast/Real time
processing.

We propose reducing the input space by
encoding time information in simple features:

— : > How many features
p(t) - "
fjttn 2 should we use then?
Where p(t) is the pulse value at each sampled time We must do a FS StUdy

point t.
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NEURAL NETWORKS (NN):

MLPs TO KANs (2024) AR
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MLPs: Trainable weights, fixed activation  KANs: Trainable functions, no linear weights or activation
functions functions. Ref: KAN: Kolmogorov-Arnold Networks (Liu et

al, 2024).
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NEURAL NETWORKS (NN): MLPs TO KANSs (2024)

Model | Multi-Layer Perceptron (MLP) | Kolmogorov-Arnold Network (KAN)
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Ref: KAN: Kolmogorov-Arnold Networks (Liu et al, 2024).




METHODS: Model Comparison

Model

Layer Type

Details / Activation

CNN

Input Layer

Input size: 1 % 192 x 1

Convolutional Layer 1

8 filters, kernel size 3, stride 1, padding 1, RelLU

Batch Normalization

After Conv Layer |

MaxPooling Layer 1

1 = 2 pool size, stride 1

Convolutional Layer 2

16 filters, kernel size 3, stride 1., padding 1

Batch Normalization

After Conv Layer 2

MaxPooling Layer 2

1 = 2 pool size, stride 1

Fully Connected Layer

384 neurons

QOutput Layer

1 neurons, Linear

MLP

Input Layer

Input size: 5 (features) or 1 x 192 (Wave)

Dense Layer 1

64 neurons, ReLU

Dense Layer 2

64 neurons, RelLU

Dense Layer 3

64 neurons, ReLU

QOutput Layer

I neuron, Linear

KAN

Input layer

Input size: 5 (features)

Layer 2 5 nodes
Layer 3 I node
Output Layer I node
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Results: Feature selection study

We judge performance based on three metrics:

MAE (ps) BIAS (ps) FWHM (ps)
2.00

e Mean Absolute error

e CTR (FWHM of gaussian fit of TOF S
diStribUtion) 120 5 240
e Bias 1.25

235
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RESULTS: Trained with ~18000 examples. Validated with ~3000.

Table 1
RESULTS OF THE TOF CALCULATION USING THE VALIDATION SET i
Architecture  Bias (ps) CRT (ps) MAE (ps) # Parmeters 2007 f \
MLP-Wave 14206 2311106 854 20737
MLP-Features 0.740.4 2224413 84.4 8769 150 . | =y
CNN 29433 2197415 86.2 2065 @ -0.2 ns offset
KAN 0.340.2 2237408 797 310 S 0.0 ns offset
CFD 0.3402 2595403 95.7 - S 100 1 B 0.2 ns offset
o 0.4 ns offset
|
. 50 - \
1M pulses processed in only ~0.02 seconds
with an NVIDIA GeForce RTX 4090 GPU o-

T T T T T T T T T
-08 -06 -04 0.2 0.0 0.2 0.4 0.6 0.8



CONCLUSIONS:

e Pulse timing information can be encoded in only five
features. Reducing the input space of any timing
algorithm.

e KAN networks outperform all other architectures in key
metrics with smaller network size.

e Machine learning methods do not constitute a bottleneck
for fast pulse processing in high count situations.
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