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8-Partial volume artifact
9-Model-based Iterative Reconstruction
10-Point spread function
11-Convolutional neural networks
12-Detector
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1-Positron Emission Tomography

2-Single photon emission computed tomography
3-Magnetic Resonance Imaging

4-Computed Tomography

5-Signal to Noise Ratio

6-Speckle noise

7-ll-posed inverse problem
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16-Collimator
17-Photomultiplier Tube

13-Filtered Back Projection
14-Ordered Subsets Expectation Maximization
15-Attenuation map
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19-Coincidence detection
20-Coincidence time window
21-True Coincidence

22-Line of Response
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18-Photomultiplier Tube
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26-Background Term

sesbad el ibaan 5 Sl K 38 slaaias
a3 G sSae e Sy o)l ey Laal S s 0ol 5
ale (53luls slapl, sSI 5 aS o sk oo 48 S LS 5o
S o 00l (5,1 S5 slagig, b Ghlas slagn,
3 &80 gu Slae sl eMb) sa g 5lasls s slad oyl
09 Sl (8 5 uaas e D) (S5l slacullas
aoSlae biol s Oless s ool daggsless pasais

S o Ll Lagy S

by il Joe V-V

S5 58 (oM 0 el 50 el (5Ll (515
2k oladas © 5l il (T (B5M aim 5 oLl
Sl s S seats s el 53 o585 53l sl s el
oS g go s0ls Glolas X = [xy, Xy, o, X ]T € R™
28 Ol gl el G sile salgl s SLLa T T o
TSl s 58 Bl sal s wble swiasLai Xj (505,
JeiSl s 2 5" BGUsSs waly ¥ sane ) el ]
le] (s oo soSe5ll

(513223005 e PET 4 SPECT 5, 53 5o o
Sodir il P E R Al s G 5ile S G
elesbis JLaa I Pa) 53555 2 o sile ol
£ ool eily b ol o ] JeSly Lo L2 S
Chanass loa ) LAl oL, 55S6 e Jas ol 5o cad
S5 s 5 Sl T slasking clia [t
153 S g oo B8S S 8 (5510 5 0 e (slapT s
oad—de L= L K shds S enly LA o
Laag b Llanla, e gla ol clis sluad s o
185 e danlane 525 SHset X @Sl moss

y;(x) = t[Px]; + 7y (V)

iJse0d Gl oo
wl (Sl ey ae T @

23-Voxel: a three-dimensional counterpart to a pixel.
24-Becquerel
25-Linear attenuation coefficient
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27-Parallel-Hole Collimators

28-Low Energy High Resolution
29-Low Energy All Purpose
30-Medium Energy General Purpose
31-High Energy General Purpose
32-Attenuation and Scatter
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33-Image reconstruction

34-Maximum Likelihood Expectation Maximization
35-Regularization

36-Ramp filter

37-Radon Transform Inversion
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40-Quadratic smoothing penalty
41-Huber penalty

38-Penalized Maximum Likelihood
39-Convex Smoothing Penalty
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42-Partial Volume Correction
43-Deconvolution
44-|terative techniques
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50-Fully Convolutional Networks
51-Encoder-decoder
52-Upsampling

53-Data augmentation
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45-Manual segmentations
46-Pixel-wise segmentation masks
47-Annotated dataset

48-Masks

49-Loss Function
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56-Mean Squared Error
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54-Residual
55-Residual block
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61-Generator
62-Discriminator
63-task-specific perceptual loss
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57-Peak signal-to-noise ratio
58-Structural Similarity Index
59-Block Matching 3D
60-Total Variation
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65-Normalized Mean Square Error
66-Structural Similarity Index Method
67-Wasserstein Generative Adversarial Network
68-Proposal-Weighted Two-Stage GAN
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64-Convolutional auto-encoder




AV OlylSen 9 alal oy a3l 8 sraes | . 4 53 HRALS S (£ grems (Glga 3 s SLagE s, 3 U9

s Y s VL] Jalid Jae ool S e (5l
Sledlbl o5k 5 La (S50 sig OISSI a4 g
3289 Lo S5 bud sl snian il Sy ol lnd
S Mo 5o w03 co solital a1 S sine sladlio s 51559
RS 5 53 5eS dials 90 58 9 diels Sl (55 Leanlas
el 55Ladls 58 s liols iy b abilie (5l
SIS a0l 0 canliols 31 sl s s o Jlac!
Jlael oy (G50l b al S shas) aiols K5 5o L
G g solel sl S5 b lodpa Wil el Jas w st
ol ol 5u g 0sd S dals gu sa (el
Wi oo olad aldha (R se s ) 5 ol
Uas (Lot daysan s MMeials oliie (5 lusaaiis 0l L
Bl 1 (Bl Gl peal 5 Al S shas dials o
O | saig Ll ol (AP 5 LS 5 suls
COAN- ¢S s o Sl 5353 (slagtole 3T aiS o
OalS ey Ho (i slagi g, Lo duwlis 0 CDR
> o8 83350 ol S 8 g 5 BT G alK g
o2 53 e (pl sl oS s Skee (s (oLl b
2830 (i | 550 0 Slae (oS 5 AS Jalad 5o
0 523l slao LIS (gl o Juradliy suiang s «S
ol Wil el Gyl 590 L SPECT (g5l ys 0503
st 5B bty 531550 CGAN-CDR S 4 ias e
1 Otsl 5o oS (s Hoadids s 1) sy sl dS
sabans 5ol slay Pl 53 Lol 4 5 980 o (uAS
a0 oo I3 Sl
sl i 55 2alS s LAGAN 5,8 (sl ,Sou Jlie
85 GAN S oS ol [£1] 1,180 s Ll 51 <50 SPECT
s oS yue o ,lulil 550 L SPECT o sleal S iy
Ao ol Ly sladisls wiols da 3 5 sl (gLsé Lo
559 L s slad Hu fp ) ele Ml /el oLk <
a8l 52 (Sae wolilil 550 asler Ko 51 53158 Gl
e o] Jsla s glaad (Al e 4 595

B Bla gl sad Gl Sl sladas ) gleada

72-Cross-Domain Regularization
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69-Lesion-aware Generative Adversarial Networks

70-Patch

71-Conditional Generative Adversarial Network with Cross-Domain
Regularization
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76-Implicit Inductive Bias

73-Ground-truth
74-Deep Image Prior
75-Noise2Noise
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1-Leave-One-Out Cross-Validation
2-Mean Absolute Percentage Error
3-Standardized Uptake Value
4-Coefficient of Variation
5-Full-Width-At-Half-Maxima
6-Relative defect size difference
7-Riesz transform-based feature similarity
8-Visual Information Fidelity
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79-Deep regression
80-Non-Local Means
81-Ensemble Noise to Noise

77-Regularization by Denoising
78-Mapping
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84-Wavelet Transforms

82-Perfusion
83-Self-Supervised Learning
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