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Scatter corrections

Single Scatter Simulation:
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* Low-quality PET - high-quality PET maddds AGR .

Monte Carlo simulation of single scattered photons
Using attenuation map and an initial activity estimation
Does not directly consider multiple scattering
Standard method in clinical PET

Computational complexity .
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Figure 5.16. Geometry of the single scattering model used in simulation
based scatter correction.
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| Huang et al., 2023

- UEXPLORER PET/CT images from 335 patients (18F-FDG)
- Two sets of PET images:
* High-Quality PET (HQ-PET): Total-body PET images (1940 mm AFQV)
* Low-Quality PET (LQ-PET): Simulated short-axis PET images (320-500 mm AFQOV)
Model:
- A 3D U-Net trained to map LQ-PET to HQ-PET images
- Separate training for brain, lung, and abdomen datasets
- Split: 300/35, loss: MAE, batch size: 16, Optimizer: Adam, epochs: 500
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Evaluation Metrics:

- Quantitative: Peak Signal-to-Noise Ratio
(PSNR) and Structural Similarity Index
Measure (SSIM) comparison to HQ-PET
and traditional denoising methods

Huang et al., 2023

- Qualitative: clinical evaluation by nuclear
medicine experts using a 5-point scoring

system

Results:

- Quantitative evaluation:
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Results: - -
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Data:

Emission sinogram

GATE simulations with XCAT phantoms.
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Figure 1. DLSE architecture, based on a CNN U-Net architecture. The network takes emission and attenuation sinograms as input, to
l ll l predict scatter sinogram.
Model:
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Evaluation:

* Metrics: Normalized Root Mean Square Error (NRMSE) and Structural Similarity Index (SSIM)

e Comparison with SSS and ground truth

* Tested on reconstructed PET images with simulated lesions and two clinical datasets

Results:

* DLSE achieves lower NRMSE and higher
SSIM than SSS

NRMSE

* Better contrast recovery for hot lesions (3:1
and 6:1) than SSS
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« Slight overestimation in
cold lesions (0:1)
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Volume 78, February 2019, Pages 1856-154

Cross-modality synthesis from CT to PET
using FCN and GAN networks for improved
automated lesion detection ¢
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o b]ectlve: - Pre-Processed Da.t-a ) PET-like image

e Generate PET/CT from CT scans e
Target: PET ﬁ

* Reduce PET/CT cost and radiation ’ \
« Improve liver lesion detection Vs Fen ' "

Dataset: + Source: CT E/ 1
e 60 PET/CT clinical scans | Loss propagation

Training

Concatenating FCN's output

aj
* Training: 23 pairs (6 malignant); testing: 37 pairs (9 malignant) |
* Focused on liver region. iy - ”,. .

Model: —_— \

* FCN (VGG-16 based) generates initial PET-like images from

o
cGAN 3 G’
i

CT data, loss: L2, optimizer: Adam, P Sourcer CT
* CGAN (conditional GAN) refines outputs using U-Net

Loss propagation ‘

generator and a custom L2 loss function

* Augmentation: scaling, translation, random noise
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Evaluation:
 Reconstruction metrics:

« PSNR (overall reconstruction quality)
* MAE - calculated for high (> 2.5) and low (<2.5) SUV sep.

e Detection performance:

» Tested on liver lesion detection system

& i

PET
* Metrics: TPR, FPS
Results:
* Reconstruction results: -
: : Proposed ' ,{
* High SUV gives lower results o) 1.3
M ;I d High SOV Low SUV Average Score
o MAE PSNR MAE PSNR MAE PSNR
5 | *FCN-4scGANEq. (8) | 133+ 0.65 2240+292 | 0.11+0.04 38.04 =192 [ 072035 3022242
= [FFCN-45<GANEq. (7) | 148 +0.66 2170295 | 0.09£0.05 39.1£195 | 079036 304 +245
E [ FCN-4s-cGANL2 155+ 0.66 21.10£2.94 | 0.10+0.04 39.03 + 1.94 | 0.83 £0.35 30.07 +2.44
& Blending 150 £ 0.63 2140 +2.94 | 0.10+0.04 39.00 £2.03 | 0.80 £ 0.34 30.20 + 249
Z [ cGAN-U-Net gen. 170+ 0.61 2062 +2.92 | 0.10+0.04 39.06+ 1.90 | 0.90 033 29.84 + 241
O | ¢GAN-FCN4sgen. | 1524063 21.10+3.10 [ 0.12+0.04 37.60+ 195 | 0.82+0.34 29.35+2.53
FCN-4s 133+ 0.59 2250+293 | 0.16 £0.05 37.60+1.99 | 0.74 +0.32 30.05 +2.46
z FCN-8s 133+ 0.57 2245+2.92 [ 0.15+£0.05 37.63+1.99 | 074 031  30.04 +2.46
2 FCN-2s 137 £0.62 2242 +£3.02 | 014005 3770 £2.02 | 0.76 £ 0.34  30.06 +2.52
U-Net 1524067 215731 | 0.12+004 3856+ 1.74 | 0.82+0.36 30.07 +2.42

*Proposed method
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Results: Method TPR[%] | Average FPR
* Detection results: Detection soft. 94.6 29121

* Maintained high TPR (96.4%) Detection soft+ proposed 94.6 2117

* Decreased FPR (2.9% to 2.1%) Detection soft+ blending 90.9 22+ 1.7

* No comparison to regular PET Detection soft+ FCN-4s 20.9 2217

Proposed
Method

Blending

Wha
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Data:

8 Simulated PET mice images for 18F and 68Ga
Voxel size: 0.28 mm
Augmented with flips, shifts, and rotations

Model:

U-Net architecture
Input: 68Ga PET images (with or without p-maps)

Output: PR-corrected images matching 18F
reference images.

Optimizer: Rectified Adam, loss: L1, epochs: 50
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Evaluation:

* Comparison: 68Ga PET before
and after correction vs. 18F
reference.

* Metrics: Recovery (%) /"defining
regions over the whole organ”/
and noise (o/p).

* Test data: Simulated PET not in
training/validation.

Results:

* Recovery: >95% match to 18F
images.

* Noise: Comparable to reference
18F PET.

* Input: PET-only sufficient for
accurate correction.

Herraiz et al., 2020
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https://doi.org/10.1007/s00259-022-06053-8

Federated Learning
* What? Collaborative model training without data sharing

* Why? Ensuring data privacy and leveraging multicenter datasets

European Journal of Nuclear Medicine and Molecular Imaging - Open Access « Volume 50, Issue 4, Pages 1034 -

1050 -« March 2023

Decentralized collaborative multi-institutional PET
attenuation and scatter correction using federated
deep learning

Shiri, Isaac®; Vafaei Sadr, Alireza™¢;  Akhavan, Azadeh®;
Salimi, Yozdan®; Sanaat, Amirhossein®;  Amini, Mehdi?;
Razeghi, Behrﬂnzd; saberi, Abdollah®; Arabi, Hossein®;
Ferdowsi, Sohrab®;  Voloshynovskiy, Slava?:  Gindiiz, Deniz’
Show additional authors ~v [, Save all to author list

28 o7th percentile 6.05 3

Citations in Scopus FwcL @ views count (@)

View all metrics »
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Dataset:

Shiri et al., 2022

* 6 centers, 50 pairs of 18F-FDG PET (NAC + CT ASC) images each

» Standardized PET images to SUV units with uniform voxel size (3x3x4 mm3)

* Normalized intensities to a consistent range (0 to 5) across all centers

Table 1 Paticnis demographics and PET/CT image acquisition and reconstruction settings across the six different centers

Centre 1 Centre 2 Centre 3 Centre 4 Centre 5 Centre 6
Demographic Sex (F/A) 15/35 17733 19731 2228 fid4 21129
Age 542227 H2h+ B8 63940122 6394 58249 5264202
Weighi G 1£159 GEILIES TT3£187 7454161 843118 TH2+233
Scanmers M anutacture GE GE GE GE GE Siemens
Model Do LS 5T Discovery 690 RX Biograph
CT acguisition Average tube 1157£92 X614 1492 =519 9H.3 + 6] 26012419 1TH£32.0
current
kVp 1300 13588 134493 134£93 119244 153040
PET acquisition Injected dose RT2£T729 5145421181 5497952 43554912 L4894 1218 37309026
“.""-1 FECOnSIUC-  Time fo scan T57£189 T214£255 7522176 Tilx 83 B6Tx136 976x139
tion PAFAMEETS e Per Bed 76:05 46zl 36206 2421 3103 3104
Scatter Model-based Convolution sub-  Comvolution sub-  Model-based Model-based Model-based
Correction traction traction
Reconstruction O5EM O5EM OS5EM YVPHD. VPHDS OSEM OSEM+PSF
Matrix size 256 % 236 128 1258 128 = 128 192 % 192 128 128 168 = 168
Slice thickness 14 4.3 i3 is 33 3
Slice pumbers 14,598 10647 13683 16,282 11,002 26,210
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Shiri et al., 2022

Model:
* Architecture: Modified U2-Net with residual blocks
* Input: Non-AC/SC PET images
e OQutput: AC/SC-corrected PET images
* Training: Adam optimizer, L2 loss, learning rate 0.001
Methodology:
* FL Sequential (FL-SQ)
A) model meets data center-after-center
B) model passes sequentially through all centers
C) process repeats for number of rounds
* FL Parallel (FL-PL)
A) models are trained separately in each node
B) central model is distributed across all nodes

C) local models are returned to central server and
aggregate to central global model

* Centralized (C2)
* Center based (CB)
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Evaluation & results:

Metrics: AE, MAE, RE, RAE, PSNR, SSIM

FL (PL, SQ): comparable to CZ,
significantly better than CB

CB: Poor generalization due to isolated data

Limitations:

Simulated setup; real-world use may face
communication and computational challenges

FL models are sensitive to noise and artifacts,
requiring monitoring
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Thank you :)
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