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a b s t r a c t 

The purpose of this research was to implement a deep learning network to overcome two of the major 

bottlenecks in improved image reconstruction for clinical positron emission tomography (PET). These are 

the lack of an automated means for the optimization of advanced image reconstruction algorithms, and 

the computational expense associated with these state-of-the art methods. 

We thus present a novel end-to-end PET image reconstruction technique, called DeepPET, based on a 

deep convolutional encoder–decoder network, which takes PET sinogram data as input and directly and 

quickly outputs high quality, quantitative PET images. Using simulated data derived from a whole-body 

digital phantom, we randomly sampled the configurable parameters to generate realistic images, which 

were each augmented to a total of more than 291,0 0 0 reference images. Realistic PET acquisitions of 

these images were simulated, resulting in noisy sinogram data, used for training, validation, and testing 

the DeepPET network. 

We demonstrated that DeepPET generates higher quality images compared to conventional tech- 

niques, in terms of relative root mean squared error (11%/53% lower than ordered subset expecta- 

tion maximization (OSEM)/filtered back-projection (FBP), structural similarity index (1%/11% higher than 

OSEM/FBP), and peak signal-to-noise ratio (1.1/3.8 dB higher than OSEM/FBP). In addition, we show that 

DeepPET reconstructs images 108 and 3 times faster than OSEM and FBP, respectively. Finally, DeepPET 

was successfully applied to real clinical data. This study shows that an end-to-end encoder–decoder net- 

work can produce high quality PET images at a fraction of the time compared to conventional methods. 

© 2019 Elsevier B.V. All rights reserved. 
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. Introduction 

Positron emission tomography (PET) is widely used for numer-

us clinical, research, and industrial applications, due to its ability

o image functional and biological processes in vivo . PET can detect

adiotracer concentrations as low as picomolar. In cancer care, this

xtreme sensitivity enables earlier and more precise diagnosis and

taging, which is greatly correlated with early treatment interven-

ion and better patient outcome. The benefits of PET rely strongly

n quantitative PET images, necessitating a reliable method that

roduces high image quality. 

Tomographic PET projection data (sinograms) cannot be directly

nterpreted by an observer, but must first be reconstructed into im-

ges. However, random process noise in the data makes this re-

ationship ill-posed, and the reconstruction of the tracer’s distri-

ution function can be solved as an inverse problem. Various PET
∗ Corresponding author. 

E-mail address: haeggsti@mskcc.org (I. Häggström). 
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econstruction techniques exist, the most common being analytical

ltered back-projection (FBP), and iterative maximum-likelihood

ML) methods. The latter includes maximum-likelihood expecta-

ion maximization (MLEM) or its incremental update version, or-

ered subset expectation maximization (OSEM). Typically how-

ver, images resulting from these standard methods suffer from

ata/model mismatches, data inconsistency, and data over-fitting,

hich can manifest as artifacts such as streaks and noise in the

econstructed images. In the case of ML methods, regularization

an be used to overcome the ill-posedness and reduce the fit-

ing noise in the final images. However, though regularization for

ET image reconstruction has been around for a long time ( Fessler,

994; Lange and Fessler, 1995 ), regularization requires many iter-

tions to make its benefits apparent. As a result, methods based

n earlier work ( Nuyts et al., 2002; Ahn and Fessler, 2003 ) have

nly recently been implemented clinically ( Ross, 2014 ). Regular-

zation is still an open problem in PET image reconstruction, and

any approaches have been proposed ( Sidky et al., 2012; Teng

t al., 2016; Schmidtlein et al., 2017 ). However, there is no clear

https://doi.org/10.1016/j.media.2019.03.013
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2019.03.013&domain=pdf
mailto:haeggsti@mskcc.org
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consensus on how to choose between them, or automate the reg-

ularization strength. 

The use of a deep network carries some advantages, because it

can be trained to at once learn the inverse of the physical model,

the appropriate statistical model, and the regularization that best

fits the character of the noisy data. Another advantage is its po-

tential for computational efficiency. Viewing the deep network as

a regularized inverse to the PET system model, one can envision it

as performing a single forward step, as opposed to iteratively back-

and forward-projecting the data numerous times ( e.g ., gradient de-

scent). Hence, we propose an encoder–decoder network that uses

supervised learning to solve the PET reconstruction inverse prob-

lem directly. 

1.1. Related work 

In recent years, deep learning has been shown to have great

potential in many medical image restoration, segmentation, and

analysis applications. In particular, encoder–decoder architectures

have been readily used for these purposes. Convolutional encoder–

decoder (CED) models are capable of stepwise compressing the in-

put image data into a latent space representation, and then step-

wise rebuilding that representation into a full dataset. CEDs and

generative adversarial networks have been used to restore low

dose computed tomography (CT) images ( Chen et al., 2017; Wang

et al., 2018; Shan et al., 2018 ), estimate full view from sparse view

FBP images ( Jin et al., 2017; Zhang et al., 2018 ), and reduce metal

artifacts in CT ( Zhang and Yu, 2018 ). Furthermore, neural networks

have also been used to generate synthetic CT from magnetic res-

onance (MR) images ( Liu et al., 2018 ), improve maximum a poste-

riori (MAP) PET reconstructions ( Yang et al., 2018a ), and improve

dynamic PET MLEM reconstructions ( Cui et al., 2017 ). 

All the works above are post processing methods using recon-

structed images as network input to restore image quality. It is less

explored how to use deep learning methods within the PET im-

age reconstruction process itself, i.e ., as part of generating PET im-

ages directly from PET sinogram data. A number of studies have

used convolutional neural networks (CNNs) as a regularizer in iter-

ative CT reconstruction. In Chen et al. (2018b) an auxiliary variable

was introduced to allow splitting where the iterative algorithm al-

ternates between updating the image (deblurring) via a conven-

tional system model and updating the auxiliary regularization vari-

able (denoising) using a CNN autoencoder. In Chen et al. (2018a) ,

a learned expertsâ, assessment-based reconstruction network was

used via a 3-layer CNN to create the sparse transform matrix

and the potential function or sparsity matrix. Another study by

Gong et al. (2019) proposed a residual convolutional autoencoder

within an ML framework to denoise PET images. Their approach

is based on using the CNN to mimic a kernel representation of

the image. Using an augmented Lagrangian format, the alternat-

ing direction method of multipliers (ADMM) algorithm was used

to solve the resulting minimization problem. For each of the stud-

ies Chen et al. (2018b) , Chen et al. (2018a) , and Gong et al. (2019) ,

although the CNN is part of the reconstruction, they still utilize

a mostly conventional regularized iterative approach where the

CNN is the regularizer in the reconstruction loop. This is in con-

trast to our proposed approach, where the network has implicitly

learned the problem inverse. Yang et al. (2018b) used a CNN for

regularization in MR reconstruction, and Shen et al. (2018) used

deep enforcement learning for parameter tuning in iterative CT re-

construction. In a recent end-to-end approach similar to the work

presented here, Zhu et al. (2018) studied image reconstruction for

various medical imaging modalities by deep learning the trans-

form between sensor and image domain. However, this work fo-

cused on MR, providing only a single low resolution example for

PET data without testing or analysis. Adler and Oktem (2018) pro-
osed an iterative end-to-end trained CNN, applied to CT im-

ge reconstruction, where they learned the primal and dual prox-

mal updates using the primal dual hybrid gradient algorithm.

upta et al. (2018) also used an iterative end-to-end approach for

T, where they used a CNN to project the gradient descent of a

hosen objective function into the space of the underlying object

 i.e ., the universe of all CT images). In both cases, these methods

tilize a known system model within an iterative scheme. In par-

icular, Gupta et al. explicitly defines a noise model for the learning

lgorithm. 

In this work we propose a novel deep CED architecture that we

amed DeepPET, which directly and quickly reconstructs PET sino-

ram data into high quality, quantitative images. To the best of our

nowledge, this will be the first systematic, full-scale, end-to-end

ork for PET in the new field of direct deep learning-based tomo-

raphic image reconstruction. An early version of this work can be

ound on arXiv Häggström et al. (2018) . 

. Methods 

A schematic illustration of the data generation, and PET recon-

truction, as well as the detailed DeepPET encoder–decoder archi-

ecture is depicted in Fig. 1 . 

.1. Emission computed tomography image reconstruction 

Traditional emission computed tomography image reconstruc-

ion is based on a Poisson noise model given by 

 = Poisson { A f + γ } , (1)

here g is the measured sinogram data, A is the linear projection

perator, f is the unknown activity distribution (image) to be es-

imated, and γ is the additive counts from random and scatter

vents. This model can be solved by minimizing the residual of the

ullback-Leibler (KL) divergence of the data model and a regular-

zation term, which results in the minimization problem given by

f = arg min f { 〈 A f, 1 〉 − 〈 log A f + γ , g〉 + λR ( f ) } , (2)

here 〈 · , · 〉 is the inner product, R ( f ) is a regularization func-

ion, and λ the regularization weight. In this form, the physical as-

ects of the model ( e.g ., geometry and statistical distribution) are

ccounted for by the KL-divergence term. However, the model in

2) contains many assumptions. These include the approximation

f the geometric relationship between the image and detectors, the

ssociated point spread function, the estimate of the additive count

istribution, the validity of the Poisson statistical model as applied

o the actual data, and the functional form of the regularizer. In

articular, the optimal regularization function R is not generally

nown, nor is the regularization weight λ, and is an active area

f research ( Sidky et al., 2012; Teng et al., 2016; Schmidtlein et al.,

017 ). 

On the other hand, a deep neural network has the potential to

earn each of these aspects of the model from the data itself. The

etwork learns the correct geometric, statistical, and regularization

odels, provided that the training examples are sufficiently real-

stic. As a result, knowledge of all these properties do not need

o be explicitly included in our proposed network model. We note

ere that this study uses simulated PET data for network training,

hich also relies on assumptions such as the Poisson noise and

orward models to generate synthetic data. Further consideration

n this matter is found in Section 4.1 . 

In this study, precorrected data is used, where the i th precor-

ected data element is given by 

ˆ 
 i = 

g i − γi 

μ
, (3)
i 
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Fig. 1. Schematic illustration of the reconstruction pipeline and the DeepPET convolutional encoder–decoder architecture. The data generation process is depicted on top. 

It includes the generation of 2D humanoid phantom images, followed by simulation of realistic PET scans with PETSTEP, resulting in multiple sinogram datasets at differ- 

ent noise levels. Experimental setup of the network training procedure is shown on the bottom, where the sinogram data is first precorrected for scatters, randoms and 

attenuation, and cropped before being inputted to DeepPET. Details of the DeepPET architecture is shown on the bottom middle. 
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here μi is the attenuation in the i th coincidence count. Precor-

ecting the data mixes its statistical properties and, as a result, is

enerally avoided in the inverse problem formulation due to its ex-

licit use of a particular statistical model (Poisson in the case of

ET). For this study however, the solution is not explicitly depen-

ent on any a priori data noise model making precorrection ap-

licable. Alternatively, additional network inputs (attenuation map

nd scatter+randoms estimate) could be used. However, using pre-

orrected data instead decreases the network size, and thus mem-

ry usage and computation time, as well as reduces the risk of

verfitting. 

.2. Dataset generation 

The major bottleneck in many deep learning experiments is the

imited size of available datasets and lack of labeled data. This

roblem was circumvented by generating labeled data syntheti-

ally. The open-source PET simulation software PET Simulator of

racers via Emission Projection (PETSTEP) ( Berthon et al., 2015;

äggström et al., 2016 ), which was implemented in MATLAB 

®

 www.matlab.com ), and was here used to simulate PET scans and

enerate realistic PET data. PETSTEP has previously been validated

y the Geant4 Application for Tomographic Emission (GATE) Monte

arlo (MC) software ( Jan et al., 2004 ). It includes the effects of

cattered and random coincidences, photon attenuation, Poisson

ounting noise, and image system blurring. For this study, a GE

710/690 PET/CT scanner was modeled, with sinogram data of 288

ngular × 381 radial bins. This approach is more realistic than only

dding Poisson noise to sinogram data, and thus should better en-

ble transferability of the trained network to clinical data. 

In this study, the deformable humanoid XCAT digital phan-

om was used to produce random, patient realistic whole-body

hree-dimensional (3D) phantoms with 280 slices of transaxial size

28 × 128 pixels over a 700 mm field of view FOV) ( Segars et al.,

010 ). The generation of one 3D XCAT phantom uses several hun-
reds of user adjustable parameters regarding the geometry, posi-

ion ( e.g ., 3D rotations and translations), patient and organ shape

nd size, gender, arms up or down, as well as tracer activity

f each organ and tissue. Here, these parameters were random-

zed within realistic ranges to generate a diverse population of

50 patients, making a total of 350 · 280 = 98,0 0 0 unique two-

imensional (2D) activity images (with associated attenuation μ-

aps). Data augmentation was achieved by generating three real-

zations of each 2D phantom image by randomly right/left flipping,

ranslating ( ± 30 pixels in x and y -dir), and rotating ( ± 10 ◦) the

mages. Pixels outside a 700 mm circular FOV were set to zero.

ET acquisitions of these phantom images were then simulated us-

ng PETSTEP, where the activity (noise) level of each image slice

as randomized, and the random and scatter fractions were ran-

omly drawn from normal distributions around realistic values for

he given activity level and object size. The resulting activity dis-

ribution sinograms were then used as the Poisson parameters for

enerating the random counts. This ensured that the noise used in

ll simulation data were independently distributed. The simulation

esulted in projection datasets containing noisy total, trues, scat-

ers, randoms, and attenuation factors. The data sets with a noisy

otal count of < 2 · 10 5 or > 8 · 10 6 were discarded to stay within

 clinically relevant count range. 291,010 projection datasets were

ept, and the noisy total sinogram data had, on average, 10 6 total

ounts. The original 291,010 phantom images were used as ground

ruth. 

.3. Data preparation 

Precorrection for scatters, randoms, and attenuation of the sim-

lated total projection data was done according to (3) , using the

catter and randoms estimate, and attenuation data from the PET-

TEP simulation. Finally, the circular 700 mm FOV leaves the im-

ge corners empty, and thereby the first and last 56 radial projec-

ion data bins also remain empty. These bins were subsequently

http://www.matlab.com
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cropped (from a total of 381 to 269) to reduce the number of net-

work elements, before using the sinograms as network input. The

use of precorrected data in DeepPET is discussed in more detail in

Section 4 . 

2.4. Convolutional encoder–decoder architecture 

The encoder and decoder of the final model loosely mimicked

the VGG16 network architecture( Simonyan and Zisserman, 2014 ),

with modifications, and is depicted in detail in Fig. 1 . The sinogram

input data is of size 288 × 269 × 1, and the output in image space

is of size 128 × 128 × 1. The encoder contracts the input data in a

manner typical to CNNs. It consists of sequential blocks of convo-

lutions with stride 2 and a factor 2 increase in the number of out-

put feature layers, followed by batch normalization (BN) and acti-

vation by a rectified linear unit (ReLU). The convolution filter size

decreases throughout the encoder, starting with the two first lay-

ers of 7 × 7, followed by 5 layers of 5 × 5, and the rest are of 3 × 3.

The encoder output consists of 1024 feature maps of size 18 × 17.

Each feature is a non-linear function of an extensive portion of the

input sinogram. This is of special interest in this PET scenario be-

cause single points in the reconstructed image domain are repre-

sented by sinusoidal traces in the input domain. In other words, a

large spread out portion of the input image data is needed to in-

fer each reconstructed image pixel. This also motivated the initially

larger convolution filter sizes of the encoder. The decoder upsam-

ples the contracted feature representation from the encoder into

PET images. Each step in the decoder path consists of an upsam-

pling layer, increasing the image size by a factor of 1.7, a 3 × 3 con-

volution that halves the number of feature layers, a BN layer, fol-

lowed by a ReLU. The total number of convolutional layers of the

whole encoder–decoder was 31. 

Several different CED designs were implemented and explored,

with a different number of convolutional layers and feature layer

depths, varying spatial sizes and convolution filter sizes, as well

as optimization by stochastic gradient descent (SGD) with momen-

tum on mini-batches and learning rate decay, and Adam stochas-

tic gradient descent ( Kingma and Ba, 2014 ). The hyperparame-

ters learning rate and mini-batch BN momentum were individu-

ally optimized for each architecture, and the models were evalu-

ated by comparing reconstructed image quality on the validation

set. The most relevant models/settings investigated are denoted M1

through M8, as well as the ultimately chosen model named Deep-

PET, and are shown in Table 1 . 

2.5. DeepPET implementation and training procedure 

The PETSTEP simulated dataset was randomly divided on a pa-

tient level into three splits. Out of the total 350 randomly gener-
Table 1 

Parameterization of the eight most relevant encoder–decoder architectures denoted 

M1 through M8, in comparison to DeepPET. Hyperparameters (learning rate and 

batch normalization momentum) were individually optimized. The last column 

shows the minimum (optimal) validation set mean squared error loss after 150 

training epochs. 

Name Conv Feature Filter Optimizer Val 

layers layers size loss 

M1 29 512 3x3 Adam 0.231 

M2 29 1024 3x3 Adam 0.206 

M3 31 512 3x3 SGD 0.219 

M4 31 512 3x3 Adam 0.202 

DeepPET 31 1024 7x7 Adam 0.187 

M5 31 1024 3x3 SGD 0.219 

M6 31 1024 3x3 Adam 0.199 

M7 31 2048 3x3 SGD 0.211 

M8 31 2048 3x3 Adam 0.197 

w
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p  

T  

s  
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s
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w  

u  

t  

0  
ted XCAT patients (291,010 2D sinogram datasets), 245 were used

or training ( n = 203,305, 70%), 52 for validation ( n = 43,449, 15%),

nd 53 for testing ( n = 44,256, 15%). The three sets were kept sep-

rate throughout the study. 

The network was implemented in PyTorch ( www.pytorch.org ),

rained on NVIDIA DGX-1 graphics processing units (GPUs), and

ested on a NVIDIA GTX 1080Ti GPU. The mean squared error

MSE) between model output and ground truth image was used

s loss function, 

SE = 

1 

n 

n ∑ 

i =1 

( x i − y i ) 
2 
, (4)

here x is the model image, y the ground truth, and n the number

f image pixels. Because SGD was found to yield poorer results, the

odel was optimized using the Adam optimization method. Train-

ng hyperparameters were: learning rate 10 −4 ; weight decay 10 −5 ;

atch size 70; BN momentum 0.3; bilinear upsampling. Different

earning rates and momentums were explored, and the optimal

on the validation set) ones were those used in the final model.

he model was optimized on the 291,010/70 = 4158 mini-batches

f the training set over 150 epochs, and the MSE was calculated

n the validation set every 5th epoch. After finishing training, the

odel with optimal performance on the validation set was used

n the test set. 

.6. Image reconstruction 

The precorrected and cropped test set PET sinograms were re-

onstructed into images by a single forward pass through the

rained DeepPET. In addition, the sinograms were also recon-

tructed using conventional techniques implemented in PETSTEP

here on a GPU); FBP using precorrected data and a 0.5 frequency

cale factor for a Shepp-Logan filter, and OSEM with 5 iterations

nd 16 subsets using in-loop corrections to avoid altering the sta-

istical distribution of data. For both methods, the images were

ost-filtered with a 9.0 mm full width half maximum (FWHM)

aussian. The FBP and OSEM reconstruction settings (0.5–1 fre-

uency scale factor in steps of 0.1, 1–15 iterations, and 0–30 mm

ost-filter FWHM in steps of 0.5 mm) were optimized using 100

nique activity images generated in the same way as described

reviously in Section 2.2 . Each image was then simulated 10 times

ith PETSTEP using the same noiseless count, into 10 independent

oise replicates (total 10 0 0 images). These 10 0 0 images were used

olely for this optimization. The optimal settings (later used on the

est set) were deemed the ones yielding the minimum relative root

SE (rRMSE), 

RMSE = 

√ 

MSE / ̄y , (5)

here ȳ is the ground truth average pixel value. 

.7. Application on clinical data 

As a final qualitative test, the trained DeepPET model was ap-

lied to real data from two separate GE D690 PET/CT patient scans.

he clinical 3D PET data was first precorrected, then converted into

tacks of 2D slice sinograms by single slice rebinning, and then

nputted to DeepPET. As before, the sinograms were also recon-

tructed with FBP and OSEM. 

.8. Image quality evaluation 

For image quality evaluation, three metrics were used. The first

as the structural similarity index (SSIM) ( Wang et al., 2004 ),

sed for visually perceived image quality where image structure is

aken more into account. The higher SSIM value the better, where

 ≤ SSIM ≤ 1 and SSIM = 1 if and only if the compared image is

http://www.pytorch.org


I. Häggström, C.R. Schmidtlein and G. Campanella et al. / Medical Image Analysis 54 (2019) 253–262 257 

i  

u  

n  

t

P

b  

t

3

 

o  

a  

o

 

b  

e  

o  

i  

a  

(  

g  

D  

o  

c  

F

t

t

s

t

i

F

i

p

o

t

Fig. 4. The average ( n = 44,256) reconstruction time per image (a), as well as aver- 

age relative root mean squared error (rRMSE) (b), structural similarity index (SSIM) 
dentical to the reference (ground truth). For the second metric we

sed rRMSE according to (5) . We finally used the peak signal-to-

oise ratio (PSNR) as the third metric, providing similar informa-

ion as the RMSE, 

SNR = 20 · log 10 

(
y max √ 

MSE 

)
, (6) 

ut in units of dB. Here, y max is the maximum value of the ground

ruth image. 

. Results 

The average loss of the training and validation sets as a function

f training epoch is depicted in Fig. 2 . As shown, the loss decreases

s a result of the network learning to better represent the features

f the data. 

The average bias (MSE minus variance) versus noise (variance

etween noise replicates) for the 100 × 10 images of the differ-

nt OSEM iteration numbers, and FBP frequency scales for the

ptimal postfilter FWHM of 9 mm, in comparison to DeepPET,

s seen in Fig. 3 . As seen, DeepPET places superior to both FBP

nd OSEM with comparatively lesser noise and bias. The average

n = 44,256) reconstruction time per image in the test set, to-

ether with the average SSIM and rRMSE using FBP, OSEM, and

eepPET are found in Fig. 4 . With an average execution speed

f 6.47 ± 0.01 ms per image, DeepPET compared favorably to the

onventional methods of FBP at 19.9 ± 0.2 ms (3 times slower),
ig. 2. Convergence behavior of average mean squared error (MSE) calculated be- 

ween the ground truth simulation and the reconstructed images. Depicted is the 

raining error (blue solid) and validation error (orange dashed) for each epoch, 

howing that the error decreases as the network learns to represent the data fea- 

ures. (For interpretation of the references to colour in this figure legend, the reader 

s referred to the web version of this article.) 

ig. 3. Average bias (relative MSE) versus noise (relative variance) for 100 unique 

mages with 10 noise replicates each, for the optimal postfilter of 9.0 mm. FBP 

oints are labeled with their frequency scale, and OSEM points with the number 

f iterations. Here, N = number of replicates (10), x = reconstructed image, y = ground 

ruth. 

(c), and peak signal-to-noise ratio (PSNR) (d) in the test set for the different recon- 

struction methods, showing that DeepPET outperforms both FBP and OSEM (ANOVA 

p < 10 -10 ) in terms of image quality (lowest rRMSE, highest SSIM, highest PSNR) as 

well as reconstruction speed. The plots depict the mean (solid orange) and median 

(dashed orange) values, the interquartile range (IQR, box), and the 25/75% quartile 

-/+ 1.5 IQR (whiskers). (For interpretation of the references to colour in this figure 

legend, the reader is referred to the web version of this article.) 
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nd OSEM at 697.0 ± 0.2 ms (108 times slower). Furthermore, the

esulting image quality of DeepPET also outperformed the con-

entional methods in terms of SSIM, being 0.97958 ± 0.0 0 0 05 for

eepPET, compared to 0.8729 ± 0.0 0 04 for FBP (11% lower), and

.9667 ± 0.0 0 01 for OSEM (1% lower). In addition, the average

RMSE of DeepPET was the lowest at 0.6012 ± 0.0 0 09, with val-

es of 0.922 ± 0.001 for FBP (53% higher), and 0.6 6 69 ± 0.0007

or OSEM (11% higher). The PSNR was highest for DeepPET at

4.69(2) dB, while 30.85 ± 0.02 dB for FBP (3.84 dB lower), and

3.59 ± 0.02 dB for OSEM (1.09 dB lower). Standard errors of the

eans are noted in parentheses. Comparing the 44,256 test set im-

ges one-by-one, DeepPET had a higher SSIM than FBP and OSEM

or 100% and 80% of the images, respectively. Equivalently, Deep-

ET had a lower rRMSE than FBP and OSEM for 100% and 75% of

he images (same numbers for PSNR). In terms of reconstruction

peed, DeepPET was faster than both FBP and OSEM for 100% of

he images. 

Since the same sinogram data was reconstructed using dif-

erent methods, a repeated measures one-way ANOVA test with

onferroni correction was used to confirm that the improvements

bserved using DeepPET over both FBP and OSEM, in terms of re-

onstruction speed, SSIM, rRMSE, and PSNR were statistically sig-

ificant (p < 10 -10 ). 

The SSIM values for the images are high (close to 1) for OSEM

nd DeepPET since each value is calculated as the average over the

ntire image, and there is a lot of background in the images that

s correctly reconstructed for these methods. Masked SSIM values,

.e .the SSIM over only those pixels with non-background ground

ruth, were 0.8816 ± 0.0 0 02 for DeepPET, 0.8729 ± 0.0 0 04 for FBP

1% lower), and 0.8136 ± 0.0 0 04 for OSEM (8% lower). Correspond-

ng values for rRMSE are 0.2163 ± 0.0 0 03, 0.3019 ± 0.0 0 05 (40%

igher), and 0.2441 ± 0.0 0 03 (13% higher) for DeepPET, FBP and
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e  
OSEM, respectively. The superior performance of DeepPET over FBP

and OSEM thus still holds for masked SSIM (ANOVA p < 10 −10 ). As

expected, the performance of FBP relative the other methods in-

creases when masking off the background, which for FBP contains

notorious streak artifacts. 
Fig. 5. Random test set reconstructions using both conventional methods, as well as the 

prior to precorrection), ground truth, FBP, OSEM, and the DeepPET reconstruction. Sinog

relative ground truth. 
Example FBP, OSEM, and DeepPET reconstructions from the

est set are shown in Fig. 5 . The images were randomly cho-

en with constraints on body location to obtain diverse images.

s shown, DeepPET generated less noisy images while preserving

dges, which is especially apparent in large homogeneous areas
proposed deep learning-based method. Left to right: PET sinogram (network input 

rams are labeled with their total counts, and images with SSIM, rRMSE, and PSNR 
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Fig. 6. Test set reconstructions where OSEM is nearly equal to DeepPET in terms of image quality metrics, albeit mostly appearing noisier and less detailed. Left to right: 

Ground truth, OSEM, and the DeepPET reconstruction. Images are labeled with SSIM, rRMSE, and PSNR relative ground truth. 
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Fig. 7. Reconstructions of three real patient sinograms (hence no ground truth available). Left to right: PET sinogram (network input prior to precorrection), FBP, OSEM, and 

the DeepPET reconstruction. As shown, DeepPET produces smoother images while keeping a high level of sharpness and detail, compared with the other methods. 
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( e.g . Fig. 5 c, g). Qualitative differences between OSEM and DeepPET

are more discernible in Fig. 6 . For this figure we purposely chose

to show cases where OSEM has similar image quality to DeepPET

based on the rRMSE and/or SSIM measures to show that even in

these cases, the OSEM images appear noisier, less detailed, and

having less sharp edges. The same or better performance of OSEM

with these metrics appears incongruous with the visual quality of

the images wherein fine details appear to be better preserved with

less noise with our DeepPET-based method. 

As a proof of concept, in Fig. 7 we show DeepPET reconstruc-

tions using the clinical data. Because this was real patient data,

there was no ground truth for comparison. Despite the fact that

DeepPET was trained using simulated data, when using real patient

data it produced perceptually smoother and more detailed images

compared to either OSEM or FBP. It should be noted that the pa-

tient sinogram data was noisy due to the extraction of 2D slices

from the 3D data. A more in depth discussion of the results and

their significance is given in the next section. 

4. Discussion 

The use of deep learning methods for medical imaging applica-

tions is rapidly increasing, and tomographic medical image recon-

struction is no exception, with new approaches being proposed on

an accelerated time line. However, the vast majority of these ap-

proaches are post-processing approaches, where a noisy initial im-

age is denoised/restored. Alternatively, a few groups working with

CT sinogram data are exploring the iterative schemes where deep

learning methods augment the iterative process ( Adler and Oktem,

2018; Gupta et al., 2018 ). These methods require the use of a to-

mographic projection operator, increasing their computational ef-

fort. In this study, we instead propose an end-to-end deep learn-
ng image reconstruction that directly uses the sinogram data to

reate images without the need of a projection operator. In fact it

s precisely for these reasons, that there are no forward- or back-

rojection operations, nor any iterations, that make DeepPET’s re-

onstructions so fast. 

As shown in the results, DeepPET was 108 times faster than

tandard OSEM and 3 times faster than FBP. DeepPET only requires

ne pass to reconstruct an image from sinogram data, whereas

raditional techniques require multiple iterations. Regularized it-

rative reconstruction methods were not compared in this study,

ut the speed gain is expected to be far greater due to the larger

umber of iterations typically used to ensure more uniform image

onvergence, and likely longer computations per iteration for reg-

larized methods. On a clinical system (here a GE D690/710), with

he vendor algorithms implemented on a dedicated reconstruction

omputer, a typical clinically used OSEM reconstruction takes ap-

roximately 90 s for a 3D sinogram (553 times more data than

D), roughly equivalent to 163 ms for 2D, which is 25 times longer

han DeepPET. Furthermore, although our network was trained

n state-of-the-art Volta GPUs on NVIDIA DGX-1 compute nodes,

esting was done on a common NVIDIA GTX 1080Ti GPU. For clin-

cal practice, only single forward passes are required for image

econstruction, limiting the demand for large memory and com-

utational power, enabling the use of a simple GPU. For full 3D

econstruction, due to oblique projections, the sinogram data size

ncreases by a factor of more than 500, which limits the use of

ome GPUs due to memory issues. 

The bias versus variance trade-off depicted in Fig. 3 shows that

either FBP nor OSEM are capable of producing images that si-

ultaneously have the same low bias and variance as DeepPET.

ence, according to our results, images of the same quality as

hose produced by DeepPET are unobtainable using conventional,
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nregularized image reconstruction methods ( i.e ., FBP and OSEM).

eepPET reconstructions ( Fig. 5 , and 6 ), especially in comparison

ith FBP and OSEM, are consistent with our conjecture that the

eepPET model learns not only the mapping from sinogram to im-

ge, but also the appropriate noise model, effectively regularizing

he ill-posedness of the inverse problem. This is important because

t allows the use of precorrected data, which results in a simpler

ED architecture and a smaller memory footprint, both contribut-

ng to improved reconstruction speed. We add that this may also

mprove images from acquisitions with a lot of deadtime, where

he Poisson noise model is less accurate. As a result, the projec-

ion data noise is suppressed during the forward pass, producing

mooth images while preserving resolution. 

The application of the trained model on real patient data

 Fig. 7 ) shows the potential for clinical use of the DeepPET system,

here it can reconstruct smooth images while preserving edges.

owever without ground truth it is difficult to make quantitative

laims, or judge the authenticity of structures that are made ap-

arent with DeepPET. Furthermore, since PET data is acquired in

D, individual 2D slices were extracted to use in DeepPET, and

o time-of-flight information was used. The clinical data thus had

igher noise, and the resulting images were likely of lesser quality

han those resulting from full 3D data. 

One major benefit with PET over many other modalities is that

t is inherently quantitative. Hence, the network input and output,

hough differing in size and structure (as they come from dif-

erent data domains: sinogram vs. image), are related to one

nother, where pixel units go from sinogram counts (registered

hoton pairs) on the input side, to image pixels in activity con-

entration (Bq/cc) as output. In addition, the spatial correlation

etween neighboring bins (pixels) in the sinograms (related via

ystem model) are not the same as those in the reconstructed im-

ge. The use of a convolutional encoder is therefore not as intu-

tive as when working with ordinary image input. Due to memory,

ime, and over-fitting limitations, a fully connected network on the

ther hand is difficult or even infeasible for large 2D (and 3D) data

ue to the huge number of network weights. As an example, a sin-

le fully connected layer taking one sinogram of 288 × 381 to a

28 × 128 image requires about 2 billion weights. 

Furthermore, although this work focuses on PET, the methodol-

gy presented is also valid for other types of tomographic data,

PECT and CT being the most relevant examples. SPECT data is

ven noisier than PET data and has poorer intrinsic resolution mak-

ng a prime candidate for our approach. CT data is much less noisy

han PET, and has higher spatial resolution, also making it a suit-

ble candidate for our approach. 

.1. Limitations 

In this study we use synthetic data instead of real patient data.

his is necessary to provide ground truth for the training data. In

articular, the simulations used in this study use a forward projec-

ion operator and noise models as described in the PETSTEP papers

 Berthon et al., 2015; Häggström et al., 2016 ), and source distribu-

ions defined by the XCAT model. While the use of PETSTEP pro-

ides the benefit of allowing us to rapidly generate ground truth

mages and simulated projection data, it implicitly introduce both

ystem and noise models into the training data. Furthermore, it

s possible that the network will learn the simplifications and as-

umptions used in the simulations, which may not be accurately

eflected in real patient data. 

These issues can be alleviated by using a full MC simulation

odel such as GATE, which could provide a more accurate repre-

entation of the sinogram data. However, the use of MC can be

omputationally expensive, where such simulations can take days,

eeks, or even months to produce the projection data for one re-
lization. For a deep learning study of this scale, using hundreds

f thousands of images, this is impractical. We note that PETSTEP

as been validated against GATE MC and proven to provide realistic

esults, which gives us confidence that our approach is reasonable.

With regard to the synthetic patient source distributions, in this

tudy the XCAT phantom was used. Although this phantom is re-

listic, and we randomly set its adjustable geometry, shape, mate-

ial and activity parameters, such population is not quite the same

s real patient population. Nevertheless, the training, testing, and

alidation data used here that are based on XCAT do have a wide

anges of appearances and contrasts, containing everything from

ighly detailed regions to smooth homogeneous ones, as well as

arge, small, hot, and cold structures. Furthermore, application on

eal patient data ( Fig. 7 ) shows that DeepPET performs well in clin-

cal scenarios after training on XCAT. 

We have not included any comparisons to regularized iterative

echniques. Because this work represents a proof of concept, we

elieve it is enough to only compare DeepPET to reconstruction

ethods that are widely available in the clinic, namely OSEM. An-

ther reason we have not compared DeepPET to regularized im-

ge reconstruction is that regularization weights are often difficult

o automate, especially when the underlying source distribution

aries both in and between patients, and often requires user over-

ight and input ( Schmidtlein et al., 2017 ). For tens of thousands of

mages like in this study, this makes this approach challenging or

ven infeasible. DeepPET on the other hand has an inherent reg-

larizer learned from the training data that utilized many diverse

natomies and noise levels. 

Finally, others have pointed out that end-to-end networks for

omographic image reconstruction, such as the one described in

his paper, can have generalization errors that do not have a well

efined bound ( Gupta et al., 2018 ). As a result, there is no guaran-

ee that any particular data used in this type of network will pro-

uce artifact free images. However, because of the nature of this

pproach, using large and diverse test data sets, one can statisti-

ally quantify the probability distribution of large local errors ( e.g .,

he � ∞ 

-norm) and giving the frequency and size of the reconstruc-

ion errors. We conjecture that this type of approach, when out-

iers can be shown to be acceptably rare, will provide clinicians

ith confidence in the resulting images. 

. Conclusions 

To the best of our knowledge, this paper presents the first sys-

ematic study of an end-to-end deep learning model that is capa-

le of directly reconstructing quantitative PET images from sino-

ram data without the need of system and noise models. The ma-

or contributions of this work are four-fold: (i) We proposed a

ovel encoder–decoder architecture for PET sinogram data, (ii) that

oes not rely on any assumptions with respect to the physical sys-

em, noise distributions nor regularization model, (iii) which on

verage increases the reconstruction speed over the conventional

SEM image reconstruction by a factor of 108, (iv) while also im-

roving image quality by on average 1% (SSIM), 11% (rRMSE), and

.1 dB (PSNR) respectively. We are confident that our approach

hows the potential of deep learning in this domain and is part of

 new branch in tomographic image reconstruction. Ultimately the

ain in quality and speed should lead to higher patient through-

ut, as well as more reliable and faster diagnoses and treatment

ecisions, and thus better care for cancer patients. 
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