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a b s t r a c t 

Purpose: Attenuation correction (AC) is essential for quantitative PET imaging. In the absence of con- 

current CT scanning, for instance on hybrid PET/MRI systems or dedicated brain PET scanners, an accu- 

rate approach for synthetic CT generation is highly desired. In this work, a novel framework is proposed 

wherein attenuation correction factors (ACF) are estimated from time-of-flight (TOF) PET emission data 

using deep learning. 

Methods: In this approach, referred to as called DL-EM), the different TOF sinogram bins pertinent to 

the same slice are fed into a multi-input channel deep convolutional network to estimate a single ACF 

sinogram associated with the same slice. The clinical evaluation of the proposed DL-EM approach con- 

sisted of 68 clinical brain TOF PET/CT studies, where CT-based attenuation correction (CTAC) served as 

reference. A two-tissue class consisting of background-air and soft-tissue segmentation of the TOF PET 

non-AC images (SEG) as a proxy of the technique used in the clinic was also included in the comparative 

evaluation. Qualitative and quantitative PET analysis was performed through SUV bias maps quantification 

in 63 different brain regions. 

Results: The DL-EM approach resulted in 6.1 ± 9.7% relative mean absolute error (RMAE) in bony struc- 

tures compared to SEG AC method with RMAE of 16.1 ± 8.2% ( p -value < 0.001). Considering the entire 

head region, DL-EM led to a root mean square error (RMSE) of 0.3 ± 0.01 outperforming the SEG method 

with RMSE of 0.8 ± 0.02 SUV ( p -value < 0.001). The region-wise analysis of brain PET studies revealed 

less than 7% absolute SUV bias for the DL-EM approach, whereas the SEG method resulted in more than 

14% absolute SUV bias ( p -value < 0.05). 

Conclusions: Qualitative assessment and quantitative PET analysis demonstrated the superior perfor- 

mance of the DL-EM approach over the segmentation-based technique with clinically acceptable SUV 

bias. The results obtained using the DL-EM approach are comparable to state-of-the-art MRI-guided AC 

methods. Yet, this approach enables the extraction of interesting features about patient-specific attenua- 

tion which could be employed not only as a stand-alone AC approach but also as complementary/prior 

information in other AC algorithms. 

© 2020 Elsevier B.V. All rights reserved. 
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. Introduction 

Positron emission tomography (PET) has emerged as a unique

olecular imaging modality enabling the non-invasive assess-

ent of biological processes at the cellular level as well as the

haracterization of brain diseases. Brain PET scanning using 18 F-

uorodeoxyglucose (FDG) is commonly performed in clinical set-
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ing. Quantitative PET imaging plays a key role in the characteriza-

ion as well as the early detection of brain diseases. Accurate cor-

ection for attenuated and scattered photons is an essential step

owards dependable and clinically relevant quantitative PET imag-

ng ( Zaidi et al., 2007 ). 

Computed tomography (CT)-based derivation of attenuation cor-

ection (AC) maps provided by commercial hybrid PET/CT scan-

ers used in the clinic is considered the gold standard technique

ince it provides adequate patient-specific modeling of photon at-

enuation. However, systems lacking transmission scanning, such
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as stand-alone dedicated brain PET and hybrid PET/MRI scanners

still face the challenge of accurate attenuation map generation. For

the latter, MRI signal intensity of conventional sequences lacks di-

rect correlation with attenuation characteristics of biological tis-

sues ( Zaidi et al., 2003 ). Attenuation and scatter corrections are not

only crucial for quantitative PET analysis, but also have tremen-

dous impact on PET image quality and hence visual clinical in-

terpretation. In the absence of transmission scanning, commonly

used strategies to estimate AC maps relying on structural MRI

can be divided into three generic approaches ( Mehranian et al.,

2016b ): (i) Segmentation-based approaches, which classify MR im-

ages into a number of tissue classes with distinct attenuation coef-

ficients. Thereafter, predefined attenuation coefficients are assigned

to each tissue class ( Arabi et al., 2015 ; Martinez-Moller et al.,

2009 ; Schulz et al., 2011 ). Despite the implementation of these

approaches on commercial units and their use in the clinic, their

performance is quite limited. Dedicated MR sequences enabling to

discriminate between air and bone could potentially provide fairly

accurate AC maps ( Keereman et al., 2010 ; Sekine et al., 2016 ). (ii)

Atlas-based approaches rely on a number of co-registered MR and

CT pairs and a transformation rule enabling to predict synthetic

CT images for the target subject ( Wollenweber et al., 2013 ). This

is achieved through using an established mapping function be-

tween MR and CT data ( Arabi et al., 2016 ; Arabi and Zaidi, 2016b )

or a nonlinear learning algorithm to estimate AC maps from tar-

get MR images ( Arabi and Zaidi, 2016a ; Hofmann et al., 2011 ). (iii)

Joint estimation of activity/attenuation distribution from PET emis-

sion data using time-of-flight (TOF) information enables attenua-

tion map estimation even without the use of structural imaging

( Defrise et al., 2012 ). However, exploitation of anatomical informa-

tion, for instance MR images, could potentially improve the joint

attenuation/activity estimation process ( Mehranian et al., 2017 ). 

The popularity and promising results achieved by machine

learning and particularly deep learning approaches in various im-

age analysis applications, including CT synthesis from MR images

stimulated tremendous growth in the field ( Han, 2017 ; Liu et al.,

2017 ). Deep learning approaches provide an efficient and versatile

framework for accurate CT synthesis from a single or multiple MR

sequences ( Emami et al., 2018 ; Gong et al., 2018 ; Han, 2017 ; Liu

et al., 2018 ) in the brain ( Arabi et al., 2019 ; Dinkla et al., 2018 )

and pelvis ( Leynes et al., 2018 ) for either MRI-guided PET AC or

MRI-only treatment planning in radiation therapy. Deep learning

algorithms have also been adopted to improve the accuracy of

joint reconstruction of activity and AC maps in brain PET imaging

( Hwang et al., 2018 ). 

Deep learning algorithms were initially utilized to predict syn-

thetic CT images from structural MRI for PET attenuation correc-

tion prior to image reconstruction. However, correction for atten-

uation and scatter has been recently incorporated directly in the

image space without the need for anatomical images ( Bortolin et

al., 2019 ; Shiri et al., 2019 ; Yang et al., 2019 ). In this approach,

deep learning is exploited to learn an end-to-end regression from

non-attenuation corrected PET (PET-nonAC) to CT-based attenua-

tion corrected PET (PET-CTAC) images in the image domain. 

PET emission data intrinsically bears sort of subject-specific in-

formation about the attenuating medium. As illustrated in Fig. 1 A,

in the object space, the activity distribution is independent of the

attenuation map. Yet, the events recorded by the PET detectors

bear a strong correlation with the attenuating medium. The counts

recorded by the PET detectors convey not only information about

the actual activity distribution in the object space but also object-

specific information about the attenuated photons along the differ-

ent lines of response (LORs). Nevertheless, this information would

be lost during conventional image reconstruction (owing to the av-

eraging effect of the reconstruction algorithm) to generate PET-

nonAC images ( Fig. 1 B). Hence, deep learning-based approaches
roposed to correct PET images for attenuation and scatter in

he image domain would not lead to unique subject-specific so-

utions. Yet, the information pertinent to the attenuation medium

s reflected in the sinogram space ( Fig. 1 C), and as such, attenua-

ion map estimation from the sinogram or through direct attenu-

tion correction in the sinogram space could potentially result in

ubject-specific solutions. Exploiting the latent information in the

rojection domain has also been investigated in a hybrid approach

enefiting from maximum likelihood reconstruction of activity and

ttenuation (MLAA) and convolutional neural networks to yield a

atient-specific attenuation map from the PET data. To this end, a

ovel loss function based on line integral projection modeling the

hysics of PET attenuation was introduced into convolutional neu-

al networks ( Shi et al., 2019 ). 

In this work, a novel approach is proposed to predict patient-

pecific attenuation correction factors (ACFs) from the PET emis-

ion data using deep learning approaches (DL-EM). In this regard,

he PET emission sinogram data are used as input for training of a

eep convolutional neural network to estimate the corresponding

ttenuation map or, more precisely, the ACF sinograms. The ACF

inograms derived from reference CT images were used as refer-

nce based on which the deep convolutional network was trained

nd evaluated. The predicted ACF sinograms were used to perform

ttenuation correction within PET image reconstruction and evalu-

ted against reference CT-based attenuation correction. The perfor-

ance of the proposed approach was compared to a segmentation-

ased method as proxy to techniques used in the clinic to provide

he bottom line of clinically relevant performance. 

. Materials and methods 

.1. PET/CT data acquisition 

Time-of-flight (TOF) PET/CT data of 68 clinical brain studies

ere retrospectively used for training and evaluation the proposed

L-EM approach. Brain scans were performed on the Biograph mCT

ET/CT scanner (Siemens Healthcare, Erlangen, Germany) following

ntravenous injection of 205 ± 15 MBq of 18 F-FDG. Table 1 summa-

izes the patient demographics of the clinical 18 F-FDG PET brain

tudies. PET data acquisition started 31 ± 5 min post-injection

nd lasted 20 min. Low-dose CT scanning for attenuation correc-

ion (kVp = 120, mAs = 20, rotation speed = 0.3 s and voxel

ize = 1 × 1 × 2.5 mm 

3 ) preceded PET data acquisition. PET raw

ata were saved in list-mode format to allow offline reconstruc-

ion of PET images using synthetic CT images and ACF sinograms.

he offline Siemens e7 reconstruction tool was employed to gener-

te emission sinograms from PET raw data and ACF matrices from

eference CT-based AC maps for the training of the DL-EM algo-

ithm. The mCT scanner equipped with TOF capability with time

esolutions of 530 ps generates emission sinograms in 13 TOF bins

312 ps wide). 

.2. ACF estimation from PET emission data 

As shown in Fig. 1 , PET emission data represented in sinogram

ormat conveys patient-specific information about the attenuating

edium in the object space. The objective of the DL-EM approach

s to extract the latent information from the emission data to pre-

ict ACFs which represents a unique solution for activity/emission

orrespondence problem. To this end, two distinct strategies were

ollowed: (i) A single sinogram matrix containing non-TOF PET

mission data (segment = 9 and matrix size = 400 × 168 × 621)

as considered as input to DCNN learning to find a unique solution

or the estimation of ACFs. Fig. 2 A illustrates this procedure where

he ACF matrices obtained from CT-based AC were considered as

eference to train the DCNN. It should be noted that all brain PET
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Fig. 1. A) Illustration of the impact of the attenuating medium on the distribution of acquired counts across PET detectors. B) The information about the attenuation medium 

is lost in image space (PET-nonAC images) due to the averaging nature of the image reconstruction process. C) The subject-specific information about the attenuation map, 

which intrinsically exists in emission PET data is reflected in the sinogram space. 

Table 1 

Patient demographics and clinical characteristics of the 18 F-FDG PET brain studies. 

Age (mean, range) Gender Weight Injected activity Indication/Diagnosis 

68 PET/CT scans 61.3 (50–82) yrs 32F/36M 67.5 kg 205 ±15 MBq Cognitive symptoms of possible 

neurodegenerative etiology 
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cans were performed with TOF capability; however, in this pro-

edure, the 13-bin TOF sinograms generated using e7 tool were

ummed up to generate a single non-TOF sinogram. The ACFs es-

imation from emission data was examined without using TOF in-

ormation since this procedure is memory efficient given the large

ize of the 4D sinogram data, which increase by 13-fold when TOF

nformation is used. Using non-TOF emission sinogram facilitated

he training and evaluation of the DL-EM approach; however, re-

arkable overfitting and sub-optimal performance were observed.

ii) Given the non-satisfactory results obtained from non-TOF data,

he second procedure involved the use of TOF information as dis-

layed in Fig. 2 B. In this method, the TOF sinograms pertinent to

he same acquisition plane were used as input to DCNN in parallel

o predict a single ACF matrix corresponding to the same acqui-

ition plane. In this regard, a multi-channel DCNN was employed

o simultaneously process the different TOF bin sinograms. The

ationale behind this strategy is that the different TOF bin sino-
rams generated from the same acquisition plane passed through

he same attenuating medium, and as such, they convey informa-

ion pertinent to ACFs. In other words, TOF bin sinograms contain

ifferent representations of the attenuation map encoded latently

n the distribution of emission counts. Hence, the features that the

CNN extracts from the TOF PET emission data could rise by up

o 13-fold (according to the TOF resolution of the mCT scanner)

ompared to non-TOF PET acquisition. 

As indicated in Fig. 2 B, only 7 out of 13 TOF bins ( −3 to + 3)

ere utilized for the training/evaluation of the DL-EM approach,

wing to the relatively small size of head with respect to the

ransaxial FOV of the PET scanner (7 TOF bins cover the entire

ead region while the remaining 6 TOF bins are almost empty and

ractically convey no information disregarding scattered radiation).

his training of the DCNN was computationally intensive when the

OF information was incorporated, but enabled to achieve promis-

ng results. 
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Fig. 2. Attenuation correction factors (ACFs) estimation from PET emission data using deep convolutional neural network (DCNN). A) ACFs prediction from non-TOF PET 

emission sinogram and B) ACFs prediction from TOF PET emission sinogram using 7 TOF bins ( −3 to 3) projected in 9 segments. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2 

The emission PET data in the form of sinograms was used for training of the 

DL-EM approach with and without correction for randoms, normalization and 

scatter. Five different scenarios were examined through combining correction 

of randoms, normalization and scatter obtained from SEG (Scatter-SEG) and 

CT-based (Scatter-CT) AC methods to the emission sinogram. 

Normalization Randoms Scatter-SEG Scatter-CT 

Scenario #1 ✕ ✕ ✕ 

✕ 

Scenario #2 ✔ ✕ ✕ ✕ 

Scenario #3 ✔ ✔ ✕ ✕ 

Scenario #4 ✔ ✔ ✔ ✕ 

Scenario #5 ✔ ✔ ✕ ✔ 
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2.3. Deep learning framework 

Niftynet, an open–source pipeline for implementation of deep

convolutional neural networks, was adopted to implement the DL-

EM approach to predict ACFs from PET emission data. This infras-

tructure provides a modular deep-learning platform for the accom-

plishment of common medical image analysis applications, such

as image segmentation ( Gibson et al., 2018 ). Niftynet, built upon

TensorFlow module in Python environment, allows for rapid and

efficient implementation of deep learning algorithms either from

scratch or using state-of-the-art deep learning architectures. 

The DL-EM approach was implemented using the regression

module embedded within the Niftynet platform accessible through

net_regress application command. A compact DCNN, referred to as

highresnet, was trained to estimate ACFs from the PET emission

data. This DCNN, originally developed for volumetric image seg-

mentation, consists of twenty convolutional layers with convolu-

tion kernels of 3 × 3 × 3 voxel ( Li et al., 2017 ). The low level im-

age features are extracted by the first seven layers, while the fol-

lowing seven and six layers capture medium and high level image

features using dilated convolutional kernels by factors of two and

four, respectively. A residual connection links every two consecu-

tive convolutional layers followed by a batch normalization layer. 

2.3.1. Implementation details 

Siemens e7 reconstruction tool allows the generation of the fol-

lowing data from the PET list mode files and CT scan: a) TOF PET

sinograms containing the prompts (true and random events) in 13

TOF bins and 9 segments (matrix size = 13 × 400 × 168 × 621),
) Random sinograms in a single matrix for all TOF bins (ma-

rix size = 400 × 168 × 621), c) ACF sinogram in 9 segments

matrix size = 400 × 168 × 621), d) Normalization factors (ma-

rix size = 400 × 168 × 621) and scatter sinograms (matrix

ize = 400 × 168 × 109). It should be noted that the above val-

es correspond to a single bed position for a brain scan resulting

n PET images with a matrix size of 200 × 200 × 109 voxels. 

As shown in Fig. 2 B, the DL-EM approach employs only 7 out of

3 TOF bin emission sinograms to predict the ACFs (the remaining

 TOF bins are almost empty). Before training the DL-EM approach,

he TOF PET sinograms are corrected for randoms, scatter and nor-

alization. In this regard, five different scenarios were investi-

ated to determine the most efficient setting for implementation of

he DL-EM approach. Table 2 summarizes five potential scenarios
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here in the first scenario the training of the DL-EM approach was

erformed using the 7 TOF bin emission sinograms without apply-

ng any correction for randoms, normalization and scatter. Scenario

2 involves only the normalization factors whereas scenario #3 in-

olves both randoms correction and normalization factors. Scatter

vents in the PET sinogram would have an adverse impact on the

erformance of the DL-EM approach since they provide wrong in-

ormation about the activity concentration and attenuation correc-

ion factors. To account for scattered events, the TOF scatter sino-

ram can be estimated from a simple synthetic CT image derived

rom TOF PET-nonAC images. To this end, the TOF PET-nonAC im-

ges, which bear strong signal at the boundary of body/head and

ackground air, underwent head contour segmentation to separate

ackground air from the head region. Subsequently, attenuation co-

fficients of air and soft-tissue were assigned to voxels outside and

nside the head contour, respectively, to generate SEG attenuation

ap (SEG AC map). Given the SEG AC map, PET data were recon-

tructed using the Siemens e7 reconstruction tool with the default

linical parameters to obtain the TOF scatter sinogram. Siemens e7

ool uses the single-scatter simulation (SSS) and tail fitting algo-

ithm implemented on the Biograph mCT scanner to estimate TOF

catter sinograms. This scatter sinogram was used to correct the

ET sinogram data prior to application of the DL-EM approach to

educe the adverse impact of scattered events. Scenario #4 was ex-

mined wherein the scattered photons were estimated from SEG

C map (Scatter-SEG) and the PET data were corrected for normal-

zation, random and scattered events (Scatter-SEG). Slight improve-

ent was observed when scenario #4 was examined compared to

cenario #3. Hence, the investigation was further extended to in-

lude reference CT-based scatter estimation (Scatter-CT) in scenario

5. The only difference between scenarios #3 and #4 is the correc-

ion for scattered events estimated from the SEG AC map. To ob-

ain Scatter-CT, CT-based reconstruction of the PET data was per-

ormed and the resulting TOF scatter sinogram was used to correct

ET data prior to application of the DL-EM. This scenario, though

ot realistic, was investigated to put into perspective the extent to

hich the scattered events would impact the performance of the

L-EM approach. 

All TOF PET sinogram counts, after applying the random and

catter correction as well as normalization, were normalized to a

ange of 0–1 by using a fixed intensity value for all subjects. Simi-

arly, the inverse of the ACF matrices, where the intensities ranged

rom almost 0 to 1, were used for the training of the DL-EM ap-

roach. 

The highresnet convolutional network, implemented in

iftynet, was trained using the 7 PET emission sinograms

orresponding to 7 TOF bins as input and the corresponding

CFs as the output. The following hyper parameter values were

et for the training/evaluation: spatial window = 168 × 200,

earning rate = 0.002 and 0.001 (following an optimization

rocedure proposed in ( Smith, 2018 )), optimizer = Adam, loss

unction = L2norm, decay = 0.0 0 01 and 0 (following an optimiza-

ion procedure proposed in ( Smith, 2018 )), batch size = 70 and

ample per subject = 2. The details of the hyperparameters (config

le) used for the training of the DL-EM approach are provided in

he Supplemental materials. 

The Biograph mCT scanner generates TOF sinograms in 621

blique and direct planes for each bed position. The training of

he DL-EM approach was carried out plane-wise in such a way

hat each iteration deals with the 7 TOF bin sinograms (7 TOF

ins × 400 ×168 voxels) of that plane (either direct or oblique)

s input to learn the corresponding ACF sinogram (400 ×168 vox-

ls). Therefore, the DL-EM model takes into account all direct and

blique planes to generate the ACF matrix (621 × 400 ×168 voxel)

f a bed position in a plane-wise manner. 
P

The training and generation of the ACFs (inference) were per-

ormed in a two-dimensional manner wherein all the emission and

ttenuation data in the sinogram space corresponding to a single

cquisition plane (in the projection space) was considered as one

raining sample. Prior to training and inference, the emission sino-

rams (7 two-dimensional sinograms corresponding to 7 meaning-

ul TOF bins) belonging to a single plane were corrected for ran-

oms, normalization, scattered events (considering scenario #4 in

able 2 ). Randoms smoothing and normalization are readily pro-

ided by the reconstruction software; however, the scatter distri-

ution should be calculated from the SEG AC map prior to training

r inference. The ACF matrix (readily provided by the scanner re-

onstruction software) does not undergo any major preprocessing

nd is employed as reference within the training of the DL-EM ap-

roach. In the inference phase, the estimated ACF matrix can also

e directly incorporated within the PET image reconstruction pro-

ess. In Fig. 2 , all sinograms and ACF matrices associated with a

ingle bed acquisition (in 9 segments) are shown as input and out-

ut of the DL-EM approach. However, in practice, each single row

f the 7 emission sinogram matrices and ACF matrix are used as

nput and output of the network, respectively. 

The training and evaluation of the DL-EM approach were per-

ormed based on a four-fold cross-validation framework. Therefore,

he quantitative analysis is reported for the entire dataset. 

.4. Evaluation 

The performance evaluation of the DL-EM approach included

alidation against the reference CT-based AC and comparison to

 segmentation-based method generating a two-tissue class AC

ap (SEG). SEG AC maps obtained from segmentation of the head

ontour from the TOF PET-nonAC images followed by the assign-

ent of 0.1 cm 

−1 ( ≈ 0 HU) and 0.0 cm 

−1 ( ≈ −10 0 0 HU) at-

enuation coefficients to voxels inside and outside the head con-

our, respectively. SEG approach was included in the comparative

ssessment as a representative approach similar to the commer-

ial segmentation-based algorithm implemented on the Philips TF

ET/MRI scanner ( Zaidi et al., 2011 ). 

Given the ACFs obtained from the DL-EM approach, SEG and

eference CT AC maps, PET raw data was reconstructed three times

esulting in PET-DL-EM, PET-SEG and reference PET-CT images. An

rdinary Poisson ordered subsets-expectation maximization (OP- 

SEM) algorithm with 5 iteration and 21 subsets was used for PET

mage reconstruction followed by post-reconstruction Gaussian fil-

ering with 2 mm FWHM. The reconstruction included scatter, de-

ay, random and dead-time corrections. 

Taking PET-CT images as reference, standardized uptake value

SUV) bias was calculated for PET-DL-EM and PET-SEG images

ithin different tissue types. To this end, CT images were seg-

ented into bone, soft-tissue and air cavities using the following

ntensity threshold levels: > 160 HU for bone, between −400 and

60 HU for soft-tissue and < −400 HU inside the head contour for

ir cavities. The relative mean error (RME) and relative mean abso-

ute error (RMAE) were computed for DL-EM and SEG approaches

gainst reference CT-based AC using Eqs. (1) and 2 , respectively. 

ME ( % ) = 

1 

P 

P ∑ 

p=1 

(
100 × P E T tst ( p ) − P E T ct ( p ) 

P E T ct ( p ) 

)
(1) 

MAE ( % ) = 

1 

P 

P ∑ 

p=1 

∣∣∣∣100 × P E T tst ( p ) − P E T ct ( p ) 

P E T ct ( p ) 

∣∣∣∣ (2) 

here P indicates the total number of voxels inside the head re-

ions and PET tst (p) represents the SUV for the voxel p within either

ET-DL-EM or PET-SEG images. 
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Fig. 3. A) ACF sinograms obtained from CT-based AC. B) ACF sinograms predicted 

by the DL-EM approach. C) PET AC map reconstructed from the reference CT ACF 

sinograms. D) PET AC map reconstructed from the predicted ACF sinograms using 

the DL-EM approach. 

 

 

 

 

 

 

 

 

 

Fig. 4. PET attenuation corrected images using reference CT-based, DL-EM and SEG 

approaches. A) PET-CT. B) PET-DL-EM. C) PET-SEG. The SUB bias maps for DL-EM 

and SEG approaches are also shown. 

 

w  

T  

i  

p  

w  

r  

s  

E

R  

A  

 

c  

a  

c  

w  

0

3

 

f  

t  

g  

C  

9  

o  
Moreover, the root mean square error (RMSE), peak signal-to-

noise ratio (PSNR) and structural similarity index (SSIM) were cal-

culated using the Eqs. (3) , 4 and 5 , respectively. 

RMSE = 

√ 

1 

P 

P ∑ 

p=1 

(P E T tst ( p ) − P E T ct ( p ) ) 
2 

(3)

P SNR ( dB ) = 10 log 10 

(
Mv a l 2 

MSE 

)
(4)

SSIM = 

( 2 × mean ( PE T ct ) × mean ( PE T tst ) + K 1 ) ( 2 δP ETct,P ET tst + K 2 ) (
mean ( PE T ct ) 

2 + mean ( PE T tst ) 
2 + K 1 

)(
δ2 

PETct 
+ δ2 

PET tst 
+ K 2 

) (5)

In Eq. (4) , Mval denotes the maximum intensity value of PET ct 

or PET tst images whereas MSE indicates the mean squared error. In

Eq. (5) , mean() returns the mean value of the image whereas δPETct 

and δPETtst stand for variances of PET ct and PET tst images, respec-

tively, and δPETct,PETtst is their covariance. K 1 and K 2 ( K 1 = 0.01 and

K 2 = 0.02) are variables were used to avoid division by zero or very

small values. 

m  
The quantitative evaluation of DL-EM and SEG AC approaches

as performed through SUV bias calculation in 63 brain regions.

o this end, the Hermes BRASS brain analysis tool (Hermes Med-

cal Solutions AB, Sweden), providing standard PET and MRI tem-

lates to transform test images into a common spatial coordinate,

as utilized to align test PET images to the template followed by

egion-of interest analysis. The relative SUV bias ( RB(%) ) and ab-

olute relative bias ( ARB(%) ) were calculated for each region using

qs. (6) and 7 , respectively. R indicates the brain region index. 

B ( % ) = 

( P E T tst ) R − ( P E T ct ) R 
( P E T ct ) R 

× 100% (6)

RB ( % ) = 

∣∣∣∣ ( P E T tst ) R − ( P E T ct ) R 
( P E T ct ) R 

∣∣∣∣ × 100% (7)

Moreover, joint histogram analysis was carried out to depict

orrelations between voxel-wise tracer distribution in PET-DL-EM

nd PET-SEG versus reference PET-CT images. Statistical signifi-

ance of the difference between the results obtained in this work

as assessed using paired t -test analysis where a p -value less than

.05 indicates statistical significance. 

. Results 

The DL-EM approach predicts ACF sinograms in an end-to-end

ashion from the emission sinograms corrected for randoms, scat-

er and normalization. Fig. 3 B depicts a representative ACF sino-

ram generated using the DL-EM method along with the reference

T-based ACFs shown in Fig. 3 A. The AFCs were estimated for all

 segments (only two segments are shown in Fig. 3 ) simultane-

usly, thus leading to a sinogram matrix of 400 × 168 × 621 ele-

ents. The ACF matrices depicted in Figs. 3 A and 3 B are presented
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Fig. 5. Mean relative SUV bias measured in 63 brain regions for the DL-EM and SEG attenuation correction approaches over 68 patients. 
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n the projection space according to the mCT PET scanner geome-

ry. These ACF matrices were reconstructed using the default PET

econstruction algorithm used in clinical setting to convert the ACF

nformation from projection space to image space solely for the

urpose of visualizing the anatomical details. Since the PET recon-

truction algorithm assumes Poisson noise in the projection space

nd uses the PET system matrix and correction factors for the re-

onstruction of the ACF matrices, some artifacts appeared in the

mage domain ( Fig. 3 C and 3 D). These artifacts are the result of

ismatch between the ACF matrices and the PET reconstruction

lgorithm, which can be dealt with through the use of a dedicated
econstruction algorithm. It is worth noting that attenuation cor-

ection of PET images was performed directly using the ACF sino-

rams. 

The quantitative analysis of PET images corrected for attenua-

ion using SEG and DL-EM approaches is presented in Table 3 for

ifferent tissue types considering CT-based AC as reference. Re-

arding quantification bias within bone tissue, the DL-EM approach

ed to RME and RMAE of 1.2% and 6.1%, respectively, while the SEG

ethod led to RME of 15.0% and RMAE of 16.1%. Table 3 summa-

izes the results associated with scenario #4 in Table 2 as this

cenario led to the best performance. The results of the alterna-
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Table 3 

PET quantification errors measured in air cavities, bone and soft-tissue as well as 

the entire head region for DL-EM and SEG AC approaches in terms of relative mean 

error (RME) and relative mean absolute error (RMAE). 

Soft-tissue Bone Air cavity Head 

RME ± SD RME ± SD RME ± SD RME ± SD 

(RMAE ± SD) (RMAE ± SD) (RMAE ± SD) (RMAE ± SD) 

DL-EM 2.0 ± 10.6 1.2 ± 10.2 5.3 ± 13.7 2.9 ± 3.1 

(4.1 ± 9.3) (6.1 ± 9.7) (5.8 ± 13.2) (3.9 ± 8.5) 

SEG −2.8 ± 11.1 −15.0 ± 9.1 43.3 ± 11.8 −5.9 ± 4.7 

(5.8 ± 9.0) (16.1 ± 8.2) (45.9 ± 9.2) (8.1 ± 9.9) 

p -value 0.05 < 0.001 < 0.001 0.002 

(0.002) ( < 0.001) ( < 0.001) (0.001) 

Table 4 

SSIM, PSNR (dB) and RMSE (SUV) calculated between PET-SEG and PET-DL-EM im- 

ages and reference PET-CT images. 

RMSE (SUV) PSNR (dB) SSIM 

PET-DL-EM 0.3 ± 0.01 33.6 ± 1.4 0.93 ±0.02 

PET-SEG 0.8 ± 0.02 30.9 ± 1.1 0.90 ±0.02 

p -value < 0.001 0.001 0.001 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6. Mean absolute relative SUV bias measured in 63 brain regions for the DL-EM 

and SEG attenuation correction approaches over 68 patients. 

4

 

p  

s  

t  

b  

e  

c  

p  

e  

g  

w  

w  

m  

i  

a  

s  

i  

a  

c  

p  

(  

s  

b  
tive versions of the DL-EM approach, namely non-TOF scenario #1,

#2, #3 and #5 are provided in Supplemental Table 1. Fig. 4 shows

representative views of PET images corrected for attenuation using

reference CT-based AC, DL-EM and SEG approaches together with

relative bias maps for PET-DL-EM and PET-SEG images versus PET-

CT. The bias maps clearly show the overall reduced quantification

error achieved by the DL-EM approach. 

Moreover, the SSIM, PSNR and RMSE metrics calculated be-

tween PET-DL-EM and PET-SEG versus PET-CT images are reported

in Table 4 . The quantitative evaluation metrics demonstrated the

superior performance of the DL-EM approach compared to the

segmentation-based technique. The SSIM, PSNR and RMSE metrics

associated with alternative versions of the DL-EM approach are

provided in Supplemental Table 2. 

The accuracy of tracer uptake quantification using DL-EM and

SEG approaches was evaluated in different brain regions through

mapping PET images to the BRASS template. The region-wise anal-

ysis of PET images is reflected in Fig. 5 showing the mean SUV

bias measured in 63 brain regions for DL-EM and SEG approaches.

The average SUV bias observed across the 68 patients is reported

for each brain region. The differences between the results pre-

sented in Fig. 5 were all statistically significant ( p < 0.05) except for

the Precentralis, Orbitalis, Angularis, Puntamen and Hippocampus

regions ( p -values = 0.07, 0.08, 0.08, 0.06 and 0.09, respectively).

Likewise, the absolute mean SUV bias for the different brain re-

gions is portrayed in Fig. 6 where the absolute SUV bias for the

DL-EM approach was less than 7% for all brain regions, while the

SEG method led to more than 14% SUV bias ( p < 0.05). The voxel-

wise mean SUV bias along with the standard deviation of the bias

maps is shown in Fig. 7 . The SUV bias maps are calculated across

PET images of 68 patients mapped to the BRASS template. The

voxel-wise correlation plots between the tracer uptake in PET-DL-

EM and PET-SEG images versus PET-CT images are portrayed in

Fig. 8 . The linear regression analysis was performed over the 68

patients resulting in a high correlation coefficient for the DL-EM

approach (R 

2 = 0.99). The linear regression analysis demonstrated

underestimation of tracer uptake and a lower correlation coeffi-

cient (R 

2 = 0.982) when using the SEG technique. It should be em-

phasized that the results presented in this section were achieved

for scenario #4 in Table 2 as this setting led to superior perfor-

mance. 
. Discussion 

The foundation of the proposed deep learning (DL-EM) ap-

roach lies in the fact that PET emission data convey object-

pecific information about the photon attenuating medium within

he FOV of the PET acquisition. Though this information would

e lost within the image reconstruction process (in image space),

mission sinogram encodes this data in the form of relative count

hanges across different detector bins and angles. The DL-EM ap-

roach was intended to decode this information from the PET

mission data aiming at synthesizing an object-specific ACF sino-

ram or PET attenuation map. In this regard, the DL-EM approach

as initially considered with the non-TOF emission data ( Fig. 2 A)

hich resulted in sub-optimal performance in terms of ACF esti-

ation showing evident signs of over-fitting. Inclusion of the TOF

nformation resolved the over-fitting issue and led to an accept-

ble ACF estimation. Training of the DL-EM approach involved only

even out of thirteen TOF emission bins, which contained essential

nformation for brain PET studies given the active transaxial FOV

nd TOF resolution of the Biograph mCT scanner. To this end, the

onvolutional neural network was modified to have seven input

arallel channels to simultaneously process the TOF emission bins

 Fig. 2 B). Different TOF emission bins belonging to a specific acqui-

ition plane convey different information about the activity distri-

ution, but the same information about the attenuating medium
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Fig. 7. SUV bias map, mean and standard deviation, in transaxial, coronal and sagit- 

tal views calculated over 68 patients for the DL-EM and SEG attenuation correction 

approaches. 
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 Surti, 2015 ). As such, employing the TOF data assisted the DL-EM

pproach to decode the latent information about photon attenua-

ion from emission sinograms. 

The emission sinograms obtained from the Biography mCT TOF

ET/CT scanner contained prompt (sum of trues and randoms) co-

ncidences; and as such, different scenarios were examined to find

he most efficient setting for the training of the DL-EM approach

 Table 2 ). Correction for normalization, scatter and randoms prior

o the training of the DL-EM approach (scenario #4) led to the

east test, validation and training loss. However, correction for scat-

er obtained from CT-based AC did not impact the quality of DL-EM

utcome. Undoubtedly, emission sinograms correction using scat-

er coincidences estimated from CT-based AC is not a practical op-

ion. Nevertheless, this scenario was examined to investigate the

mpact of scatter correction on the performance of the DL-EM ap-

roach, wherein no substantial improvement was observed. This

bservation may only be valid for this specific dataset or brain
maging where the scatter fraction is relatively low (estimated to

e within about 20% for CT-based AC using the single scatter simu-

ation method followed by tail fitting scaling). For pelvis or whole-

ody PET imaging, this assumption might not be valid, wherein a

ore accurate scatter correction prior to training of the DL-EM ap-

roach may be crucial. This issue warrants further investigation in

uture studies. 

The DL-EM approach learns to estimate the whole ACF sino-

ram involving 9 segments (for the Biograph mCT scanner) simul-

aneously. However, as a matter of fact, the different sinogram seg-

ents contain highly correlated information about the ACFs. This

xisting correlation can be utilized in favor of more efficient train-

ng of the DL-EM approach. For instance, the training could be per-

ormed in an iterative way where the estimated ACFs from direct

lanes in the first iteration are fed into later iterations as a prior

nformation for estimation of the ACFs in oblique planes and vice

ersa. 

The quantitative analysis of PET images demonstrated the supe-

ior performance of the DL-EM approach over SEG method, leading

o reduced SUV bias in all brain regions. The SEG technique was in-

luded in this evaluation as it provides a bottom line of clinically

olerable inaccuracy ( Varoquaux et al., 2014 ). Moreover, the visual

nspection of the ACFs obtained from the DL-EM approach ( Fig. 3 )

evealed that important features of patient-specific anatomical de-

ails could be extracted by this method, such as air cavities, small

ony structures and sharp tissue boundaries, particularly between

one and air. This is considered as an outstanding achievement of

his approach, which enables dependable estimation of anatomical

tructures based solely on PET emission data. Besides, the DL-EM

pproach, resulted in an SUV bias of less than 8%, while SEG AC

pproach led to SUV bias of up to 14%. 

The overall positive bias reported in Table 3 is observed when

sing this approach. Despite the overall slight positive SUV bias,

he relatively large standard deviation of the quantities reported in

able 3 demonstrates a certain range of both positive and nega-

ive SUV biases imposed by the DL-EM approach among the dif-

erent subjects. Moreover, Fig. 5 demonstrates that there are cer-

ain regions with overall negative SUV bias across all subjects.

ence, the DL-EM approach doesn’t result in systematic positive

UV bias wherein depending on the anatomical region or subject

nder study, negative SUV bias may be observed. Besides, It should

e noted that the DL-EM approach tend to slightly overestimate

he ACFs with very small values, such as air canals or sinus cavi-

ies, which would justify the overall slight positive bias observed

hen using this method. 

Even though the quantitative PET assessment demonstrated

romising performance of the DL-EM approach, comparative

tudies involving joint estimation of activity/attenuation, deep

earning-based CT synthesis from MR images and more impor-

antly atlas-based methods would shed light on the strengths

nd pitfalls of the DL-EM approach. Despite the promising re-

ults achieved by deep learning-based approaches in the area of

T synthesis from MR images ( Fu et al., 2018 ; Xiang et al., 2018 )

nd direct attenuation and scatter correction in the image do-

ain ( Yang et al., 2019 ), comparison studies have shown compa-

able performance of atlas-based methods ( Arabi et al., 2018 , 2019 ;

ehranian et al., 2016a ), wherein the deep learning-based meth-

ds exhibited higher vulnerability to outliers, leading to gross er-

ors as reported in ( Arabi et al., 2018 , 2019 ). 

Lastly, our work didn’t allow to draw any conclusions regard-

ng the performance of the DL-EM approach with respect to other

xisting techniques, including atlas-based or MRI-guided synthetic

T generation, or to claim that this approach is the ultimate solu-

ion for PET AC in the absence of CT or transmission scanning. One

ignificant finding of this study is that this approach enables the

xtraction of appealing patient-specific attenuation features, which
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Fig. 8. Joint histograms of SUVs measured on PET-DL-EM (left) and PET-SEG (right) images versus reference PET-CT images. 
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could be utilized as complementary/prior information in other al-

gorithms to enhance the overall accuracy of PET attenuation cor-

rection. 

5. Conclusion 

In the present work, the DL-EM approach was introduced,

which enables estimation of the ACFs from TOF PET emission data.

This approach relies on a deep learning algorithm to extract latent

patient-specific information about the attenuating medium from

TOF PET emission data in projection space (sinogram). Quantita-

tive PET analysis demonstrated the superior performance of the

DL-EM approach over the segmentation-based technique represen-

tative of algorithms used in the clinic. The DL-EM approach led to

absolute SUV bias of less than 8% in all brain regions while the

SEG method resulted in up to 14% absolute SUV bias. The results

achieved by the DL-EM approach are comparable to other state-

of-the-art MRI-guided AC methods without requiring anatomical

information. However, future improvements in TOF PET temporal

resolution would directly enhance the efficiency of this approach. 
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