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PET and CT Reconstruction

PET/CT Scanner

low-statistic
PET acquisition

low-statistic
CT acquisition

PET CT

I Standard PET/CT reconstruction: Each modality
is reconstructed individually

I Joint reconstruction: take advantage of
inter-modal information

I Sharing information : noise reduction
I Noise reduction : patient dose reduction
I Shared information must be learned : machine

learning
I Proposed work: learned penalty for joint

reconstruction of PET and CT
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Conventional PET/CT Iterative Reconstruction

I Two images to reconstruct λ (PET), µ (CT):

λ̂ = argmin
λ

LPET(λ) + αRPET(λ)

µ̂ = argmin
µ

LCT(µ) + βRCT(µ)

I PET: penalized EM (PEM) [De Pierro 1995]

I CT: Penalized weighted least-squares (PWLS) [Elbakri and Fessler 2002]
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Joint PET/CT Reconstruction

I Two images to reconstruct λ (PET), µ (CT):

(λ̂, µ̂) ∈ LPET(λ) + LCT(µ) + γRsyn(λ,µ)

I Joint Total Variation (JTV) [Sapiro and Ringach 1996; Blomgren
and Chan 1998]:

Rsyn(λ,µ) =
∑
j

√
‖∇jλ‖2 + ‖∇jµ‖2

: promotes joint sparsity of the gradient
I Alternatives: Generalized JTV [Mehranian et al. 2017], nuclear

TV [Lefkimmiatis et al. 2013; Rigie and La Rivière 2015], parallel
levelsets [Ehrhardt et al. 2014], syn-net[Corda-D’Incan et al. 2020]

Figure: Joint PET/MRI recon.
with JTV and PLS [Ehrhardt et al.
2014] 4/28
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Learned Joint PET/CT Reconstruction

I Coupled Dictionary Learning [Sudarshan, Chen,
et al. 2018; Sudarshan, Egan, et al. 2020]

D∗1 ,D∗2 = argmin
D1,D2∈C

min
{zl,p}

∑
l

∑
p
γ1‖Ppλl −D1zl,p‖2

+ γ2‖Ppµl −D2zl,p‖2 + ‖zl,p‖q, q = 0, 1 Figure: Coupled PET/MRI dict. learn.
[Sudarshan, Egan, et al. 2020]

I Synergistic penalty:

Rsyn(λ,µ) = min
{zl,p}

∑
p
γ1‖Ppλ−D1zp‖2 + γ2‖Ppµ−D2zp‖2 + ‖zp‖q,

I Requires extracting many overlapping patches for shift invariance
5/28



Introduction Methodology Results Conclusion and Future Work Bibliography

Learned Joint PET/CT Reconstruction

I Coupled Dictionary Learning [Sudarshan, Chen,
et al. 2018; Sudarshan, Egan, et al. 2020]

D∗1 ,D∗2 = argmin
D1,D2∈C

min
{zl,p}

∑
l

∑
p
γ1‖Ppλl −D1zl,p‖2

+ γ2‖Ppµl −D2zl,p‖2 + ‖zl,p‖q, q = 0, 1 Figure: Coupled PET/MRI dict. learn.
[Sudarshan, Egan, et al. 2020]

I Synergistic penalty:

Rsyn(λ,µ) = min
{zl,p}

∑
p
γ1‖Ppλ−D1zp‖2 + γ2‖Ppµ−D2zp‖2 + ‖zp‖q,

I Requires extracting many overlapping patches for shift invariance
5/28



Introduction Methodology Results Conclusion and Future Work Bibliography

Learned Joint PET/CT Reconstruction

I Coupled Dictionary Learning [Sudarshan, Chen,
et al. 2018; Sudarshan, Egan, et al. 2020]

D∗1 ,D∗2 = argmin
D1,D2∈C

min
{zl,p}

∑
l

∑
p
γ1‖Ppλl −D1zl,p‖2

+ γ2‖Ppµl −D2zl,p‖2 + ‖zl,p‖q, q = 0, 1 Figure: Coupled PET/MRI dict. learn.
[Sudarshan, Egan, et al. 2020]

I Synergistic penalty:

Rsyn(λ,µ) = min
{zl,p}

∑
p
γ1‖Ppλ−D1zp‖2 + γ2‖Ppµ−D2zp‖2 + ‖zp‖q,

I Requires extracting many overlapping patches for shift invariance
5/28



Introduction Methodology Results Conclusion and Future Work Bibliography

Proposed Approach: Double Generative Model

I Replacing the sparse code z by a latent variable, and the
dictionaries D1 and D2 by 2 neural networks f1 and f2

I Proposed synergistic penalty

Rsyn(λ,µ) = min
z

η‖λ− f1(z)‖2 + (1− η)‖µ− f2(z)‖2

I Rsyn(λ,µ) ≈ 0 if λ and µ originates from the same z

I η balances the weight of each modality
I Joint reconstruction:

λ̂, µ̂ ∈ argmin
λ,µ

LPET(λ) + LCT(µ) + γRsyn(λ,µ)

z λ = f1(z)

µ = f2(z)

6/28
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Variational Auto-encoder

I The encoder compresses input
data into a lower-dimensional
latent space

I The latent space is a continuous
space representation of the
input data

I Unsupervised learning; doesn’t
require paired data

8/28



Introduction Methodology Results Conclusion and Future Work Bibliography

Variational Auto-encoder

I The encoder compresses input
data into a lower-dimensional
latent space

I The latent space is a continuous
space representation of the
input data

I Unsupervised learning; doesn’t
require paired data

8/28



Introduction Methodology Results Conclusion and Future Work Bibliography

Variational Auto-encoder

I The encoder compresses input
data into a lower-dimensional
latent space

I The latent space is a continuous
space representation of the
input data

I Unsupervised learning; doesn’t
require paired data

8/28



Introduction Methodology Results Conclusion and Future Work Bibliography

Multi-branch beta-VAE

I PET and CT images have their own encoder and decoder pair
I They only share information in the latent space
I The encoder outputs are concatenated before the latent space
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Multi-branch beta-VAE

I Multibranch networks can use different branches to extract features at
different scales, orientations, and locations [Zhang et al. 2018]

I Multibranch networks can learn more diverse and complex features by using
different types of layers and operations in each branch.

10/28
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Synergistic PET/CT Reconstruction Algorithm

λ̂
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z
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PET Data
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PEM

PWLS

fPET

fPET

. . .

p = P>1; b = − log y/h

Initialize λ̂ and µ̂ by EM and WLS

For k = 1 : OuterIter
zk = argminz η‖fPET(z)− λ̂‖2 + (1−
η)‖fCT(z)− µ̂‖2
c← γηfPET(zn)− p
For l = 1 : SubIter1

λ̂em ← λ̂ 1
pP
>
[

g
Pλ̂

]
λ̂← c+

√
c2+4γηpλem

2γη
end For
For m = 1 : SubIter2

µ̂rec ← µ̂− D−1A>W(Aµ̂− b)
µ̂←

[
Dµ̂rec+γ(1−η)fCT(zn)

D+γ(1−η)

]
+

end For

end For 11/28
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Generated Images by fitting z
ẑ = argminz η‖λtarget − f1(z)‖2 + (1− η)‖µtarget − f2(z)‖2

λtarget f1(ẑ)
η = 0

f1(ẑ)
η = 1

f1(ẑ)
η = 0.5

µtarget f2(ẑ) f2(ẑ) f2(ẑ)
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Joint PET/CT Reconstruction
I (λ̂, µ̂) ∈ LPET(λ) + LCT(µ) + γRsyn(λ,µ), Rsyn(λ,µ) = minz η‖λ− f1(z)‖2 + (1− η)‖µ− f2(z)‖2.
I PET and CT projection data generated from λGT and µGT

λGT λ̂EM

PSNR=25.06

λ̂

η = 0

PSNR=31.28

λ̂

η = 1

PSNR=24.59

λ̂

η = 0.5

PSNR=32.80

µGT µ̂WLS

PSNR=19.78

µ̂

PSNR=29.30

µ̂

PSNR=23.79

µ̂

PSNR=30.78 14/28
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Effect of the Generative Model
λ̂, µ̂ ∈ argminλ,µ LPET(λ) + LCT(µ) + γRsyn(λ,µ)

λGT λ̂

PSNR=25.06

γ = 0 λ̂

PSNR=32.05

γ = 1e3 λ̂

PSNR=32.76

γ = 1e6

µGT µ̂

PSNR=19.78

γ = 0 µ̂

PSNR=26.20

γ = 1e3 µ̂

PSNR=30.75

γ = 1e6 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
·106

22

24

26

28

30

32

γ

PS
N

R

PET
CT

Figure: PSNR values of
reconstructed PET/CT images with
respect to γ at η = 0.5.
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Effect of Inter-modality Information
Rsyn(λ,µ) = minz η‖λ− f1(z)‖2 + (1− η)‖µ− f2(z)‖2

λGT λ̂

PSNR=22.04

η = 0 λ̂

PSNR=22.16

η = 1 λ̂

PSNR=28.12

η = 0.5

µGT µ̂

PSNR=22.25

η = 0 µ̂

PSNR=23.68

η = 1 µ̂

PSNR=30.49

η = 0.5 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

22

24

26

28

30

η

PS
N

R

PET
CT

Figure: PSNR values of
reconstructed PET/CT images with
respect to η at γ = 5× 105.
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Patch-based Joint Image Reconstruction v1

λpatches µpatches

I Generated patches from random z
values to the PET and CT decoder

I Patches are trained from 32 x 32
patches extracted from 512 x 512
paired PET and CT images

17/28
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Patch-based Joint Image Reconstruction v2

λpatches µpatches
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Patch-based Joint Reconstruction Algorithm
p = P>1; b = − log y/h
Initialize λ̂ and µ̂ by EM and WLS

For k = 1 : OuterIter
Z = argminZ η‖Eλ̂− f1(Z)‖2 + (1− η)‖Eµ̂− f2(Z)‖2

λ̂reg = λ̂reg − D−1
2 E>(Eλ̂reg − f1(Z))

µ̂reg = µ̂reg − D−1
2 E>(Eµ̂reg − f2(Z))

c← γηλ̂reg − p
For l = 1 : SubIter1

λ̂em ← λ̂ 1
pP
>
[

g
Pλ̂

]
λ̂← c+

√
c2+4γηpλem

2γη
end For
For m = 1 : SubIter2

µ̂rec ← µ̂− D−1A>W(Aµ̂− b)
µ̂←

[
Dµ̂rec+γ(1−η)µ̂reg

D+γ(1−η)

]
+

end For
end For
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Generated Images by fitting z
Z = argminZ η‖Eλ− f1(Z)‖2 + (1− η)‖Eµ− f2(Z)‖2

λtarget f1(ẑ)

η = 0

f1(ẑ)

η = 1

f1(ẑ)

η = 0.5

µtarget f2(ẑ) f2(ẑ) f2(ẑ)
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Patch-based Synergistic Reconstruction
I (λ̂, µ̂) ∈ LPET(λ) + LCT(µ) + γRsyn(λ,µ), Rsyn(λ,µ) = minZ η‖Eλ− f1(Z)‖2 + (1− η)‖Eµ− f2(Z)‖2.
I PET and CT projection data generated from λGT and µGT

λGT λMLEM

PSNR=27.51

λgen

PSNR=29.70

λrecon

PSNR=28.97

µGT µWLS

PSNR=24.41

µgen

PSNR=26.80

µrecon

PSNR=26.96 21/28
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Conclusion

I We trained a multi-branch VAE to generate paired PET/CT images, improving
image quality.

I The results demonstrated significant improvements in both modalities,
indicating mutual enhancement.

I Future research should explore other generative techniques and validate them
on larger datasets.
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