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Background: Lowering the dose for positron emission tomography (PET) imaging reduces patients’
radiation burden but decreases the image quality by increasing noise and reducing imaging detail and
quantifications. This paper introduces a method for acquiring high-quality PET images from an ultra-low-
dose state to achieve both high-quality images and a low radiation burden.

Methods: We developed a two-task-based end-to-end generative adversarial network, named bi-c-GAN,
that incorporated the advantages of PET and magnetic resonance imaging (MRI) modalities to synthesize
high-quality PET images from an ultra-low-dose input. Moreover, a combined loss, including the mean
absolute error, structural loss, and bias loss, was created to improve the trained model’s performance.
Real integrated PET/MRI data from 67 patients’ axial heads (each with 161 slices) were used for training
and validation purposes. Synthesized images were quantified by the peak signal-to-noise ratio (PSNR),
normalized mean square error (NMSE), structural similarity (SSIM), and contrast noise ratio (CNR). The
improvement ratios of these four selected quantitative metrics were used to compare the images produced by
bi-c-GAN with other methods.

Results: In the four-fold cross-validation, the proposed bi-c-GAN outperformed the other three selected
methods (U-net, c-GAN, and multiple input c-GAN). With the bi-c-GAN, in a 5% low-dose PET, the
image quality was higher than that of the other three methods by at least 6.7% in the PSNR, 0.6% in the
SSIM, 1.3% in the NMSE, and 8% in the CNR. In the hold-out validation, bi-c-GAN improved the image
quality compared to U-net and ¢-GAN in both 2.5% and 10% low-dose PET. For example, the PSNR using
bi-C-GAN was at least 4.46% in the 2.5% low-dose PET and at most 14.88% in the 10% low-dose PET.
Visual examples also showed a higher quality of images generated from the proposed method, demonstrating
the denoising and improving ability of bi-c-GAN.

Conclusions: By taking advantage of integrated PET/MR images and multitask deep learning (MDL), the
proposed bi-c-GAN can efficiently improve the image quality of ultra-low-dose PET and reduce radiation

exposure.

Keywords: Integrated PET/MRI; multitask deep learning (MDL); ultra-low-dose positron emission tomography
(PET); bias loss
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Introduction

The role positron emission tomography (PET) plays in
modern clinical/preclinical medicine is extraordinary.
Patients who undertake PET for treatment are injected with
a large dose of radioactive tracer into tissues or organs before
scanning. This process generates radiation exposure, which
will inevitably be uncomfortable or harmful to patients,
especially in patients who need multiple examinations or
pediatric patients with a higher lifetime risk for developing
cancer. Although lowering the dose of radioactive tracer
can reduce radiation exposure, it also yields increased noise,
artifacts, and a lack of imaging details (1). The contradiction
between lowering radiation exposure and improving
imaging quality has attracted much research interest in
this area, including using more sophisticated facilities or
advanced signal processing algorithms. Manufacturers have
tried to improve the sensitivity of PET scanners by using
higher-performance detectors that are straightforward but
expensive (2). Moreover, once the scanners are established
for a PET system, there is no room for data quality
optimization (3). For a long time, algorithm-based techniques
have focused on PET reconstruction from sinogram data (4-7)
or traditional patch-based learning methods (8-10), which
involve limitations such as high demand for data, high time
consumption, or poor output quality (11-13). Deep learning
algorithm methods, especially the encoder-decoder structure,
with its powerful data-driven capabilities between image
datasets, can develop an image transferring model with high
fitness and efficiency (14-16). Recently developed integrated
PET/magnetic resonance imaging (MRI) scanners enable
the simultaneous acquisition of structural and functional
information without extra radiation exposure, which gives
more information and the potential for deep learning-based
methods. Multitask deep learning (MDL) can improve
generalizability by using the domain information contained
in the training signals of related tasks as an inductive bias (17).
Implementation of MDL has led to successes in fields from
natural language processing to computer vision (18). To the
best of our knowledge, MDL has not been used in a medical
image synthesizing task such as high-quality PET synthesis.
Given the above, this paper attempts an MDL-based method
and treats MRI as a related source in helping to synthesize
high-quality PET images from its ultra-low-dose modality.
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Related works

Improving ultra-low-dose PET image quality by mapping
these images to the ground truth, full-dose PET images is
a pixel-level prediction task for which convolutional neural
networks (CNNs) have been widely used (19). Earlier,
Gong et al. (20) trained a deep CNN from low-dose PET
images (20% of the full dose) to full-dose PET images using
simulated data and fine-tuned it with real data. Later, Wang
et al. (21) performed similar work by improving whole-
body PET quality using a CNN with corresponding MR
images. Previous works also showed the strength of CNN
with a U-net structure in synthesizing high-quality PET
images (22-24). There is a tendency for CNNs to produce
blurry results (25), but generative adversarial networks
(GANSs) may solve this by using a structural loss (26).
Given this, Wang et /. (27) trained a GAN to improve the
quality of low-dose PET images (25% of the full dose).
Later, Isola (28) showed that a conditional GAN (c-GAN)
with a conditional input and a skip connection, if trained
using a combination of L1 loss and structured loss, could
achieve an advantage in image—image translation tasks,
which was then adopted by Wang (29). A ¢-GAN structure
requires a conditional input which was realized by treating
low-dose PET as conditional inputs (30,31). Many others
have also found the advantage of anatomical information in
PET denoising. Cui (32) took advantage of patients’ prior
MR/computed tomography (CT) images and treated them
as conditional inputs for a U-net to restore low-dose PET
images. Considering input MR can influence the results of
output PET, Onishi ez a/. (33) only treated MR as a prior
guide when using a deep decoder network to synthesize
PET from random noise. However, low-dose PET was
not treated as an input of the network until recently. Chen
(23,34) used a simple U-net and treated both low-dose PET
and multiple MRI as conditional inputs to improve the
quality of low-dose PET images.

Unlike in our study, the deep learning methods above
are based on single-task learning (STL). We used a two-task
based MDL method called bi-task. In bi-task, MRI is treated
as an additional task (18) rather than additional channels in
one task (21,23,27,34). Therefore, the impact of MR as input
can be avoided while at the same time maintaining its effect
of guidance. An MDL works because the regularization
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Figure 1 Illustration of a bi-task structure. The structure
includes an input pair (x;px7), an output pair (y;pyr), and four
encoder-decoder pairs with each encoder’s output passed to both

targets’ decoders. In this study, output pairs have the same value of yp.

induced by requiring an algorithm to perform well on a
related task can be superior to ordinary regularization, which
prevents overfitting by uniformly penalizing all complexity
(35,36). A problem with MDL is negative transfer,
which should be avoided because it leads to performance
degradation (37). An instance when MDL may be particularly
helpful is when the tasks are similar and are generally slightly
under-sampled (17). For these two reasons, MDL fit our
case well. First, the generation of high-quality PET images
from MRI modalities or low-dose PET images has the same
target. Second, the slices used to train the network are often
limited because of the difficulty in obtaining real patient
images in large numbers. Kuga’s (38) MDL structure used
for multi-input, multi-target scene recognition is similar to
our bi-task structure. One difference is that bi-task is multi-
input single-target. Previous methods for multi-input single-
target structures are building a multi-encoder and a single-
decoder (39). A weakness of the multi-encoder single-
decoder structure is that straightforward concatenation of
extracted features from different encoders to one decoder
often results in inaccurate estimation results (38). To avoid
this weakness, we created two decoders by directing them
to two targets (namely, the target for the first input and the
target for the second input) to construct a multi-input multi-
target structure.

Our contributions

This paper tries to improve the quality of ultra-low-dose
PET axial head images by training a bi-task network with
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ultra-low-dose PET images (5% of the full dose) and
integrating T'1-weighted MRI images for the input and
full-dose PET images as the ground truth labels. The
strengths of conditional input, GAN, and skip connection
were added to the bi-task. The combined structure was
called bi-c-GAN. A combined loss, including Euclidean
distance, structural loss, and bias loss, was developed and
used in the training stage to fully extract information from
three datasets (the full-dose PET image dataset, ultra-low-
dose PET image dataset, and integrated MRI dataset). This
paper’s main innovations and contributions are two-fold:
(D) the bi-c-GAN network and its combined loss function
were created, and the model was trained successfully
using real patients’ data, which meant that the effect of
each contributing part was analyzed specifically; (II) the
general effect of the proposed bi-c-GAN in improving
low-dose PET images’ quality was validated. Compared
with U-net, c-GAN, and M-c-GAN (multiple conditional
inputs of c-GAN treating MRI as an additional channel),
the proposed bi-c-GAN achieved better performances in
selected quantitative indexes. We present the following
article in accordance with the MDAR reporting checklist
(available at https://qims.amegroups.com/article/
view/10.21037/qims-22-116/rc).

Methods
Bi-task structure

The basic bi-task structure was inspired by the work of
Kuga et al. (38), with some changes made according to our
application. The mechanism of this kind of MDL structure
is as follows. An encoder is built for each input, and a shared
latent representation layer follows each encoder. The latent
representations are shared because the output from each
latent representation acts as the input of each task’s decoder;
in other words, each latent representation followed by their
corresponding encoders will correspond to a task’s decoder.
In the case of two-input/two-target, four encoder/decoder
pairs are used for training. As shown in Figure I, our case
included two inputs, namely low-dose PET (x;p) and T'1-
weighted MRI (x7,), and two targets, namely high-quality
synthesized PET images translating from low-dose PET
images (y;p) and high-quality synthesized PET images
translating from T'1-weighted MRI images (y7,).

Given that the MRI is used to assist the PET-
synthesizing process, we called the task conditioned on low-
dose PET images the primary task and the task conditioned

Quant Imaging Med Surg 2022;12(12):5326-5342 | https://dx.doi.org/10.21037/qims-22-116


https://qims.amegroups.com/article/view/10.21037/qims-22-116/rc
https://qims.amegroups.com/article/view/10.21037/qims-22-116/rc

Quantitative Imaging in Medicine and Surgery, Vol 12, No 12 December 2022 5329

T1-weighted
Ny
/ MRI \

"

Inputs
Jopoouz

Secondary task

Output 2

> GAN loss Target

Primary task

Jepooug

------- ———
Trai Full-dose
rain 5
) #PEW
Bias loss | combined
L1 loss loss

Bias loss

Integrated
PET/MR scanner

$

. Synthesized
Trained PET

model

LSRR R a—1

'
'
'
]
'
'
'
'
]
'
]
'
]
'
]
'
'
'
'
'
'
'
'
'
'
'
]
'
]
'
'
'
'
'
'
'
'
'
'
'
]
'
'
'
'
'
'
'
'
'
'
'
]
'
'
'
'
'
'
[y

Figure 2 Illustration of the bi-c-GAN structure and the procedure of producing synthesized PET images. The main structure of bi-c-GAN

and the training process are presented in the upper dotted block. The left dotted block shows the training pairs, which act as the inputs

of the right network. The lower dotted block represents validating and testing stage in which the trained model is based on primary task’s

generator. When testing by delivering the lose-dose PET images to the trained model, it will come out as synthesized PET images. c-GAN,

conditional-generative adversarial network; PET, positron emission tomography; MRI, magnetic resonance imaging.

on the MRI image the secondary task. Both tasks worked
in parallel and crossed each other. x;, was the input of the
primary task and x;; represented the input of the secondary
task. Inputs x;p and x; were directly followed by their
corresponding encoders E, (-) and E, (-). E, (x;p) and E; (x7,),
which comprised the layer of shared latent representation,
as the outputs of the two encoders. The representation layer
was completely shared by all the decoders, which meant that
the output of each encoder was fed into all the decoders
(as shown in Figure 1, the dash line crossing each task);
therefore, there were four encoder/decoder pairs given: an
input pair (x;p x7) and a target pair (y;p yr,). D () was the
function of the decoder, and 7 was the synthesized output
of each decoder. Then, we obtained the following:

P = Do [ (x10)]
=D, [EP (. )]
Popiors = Doy [ Ba (1) ]
= Dxﬂ~yr, [Ea (le )]

where J,,, represents an encoder-decoder’s synthesized
result from an input x to a target y and the corresponding

Specifically, both
of the primary task and secondary task’s targets aimed to

A
nyP")’Tl

yxrl‘%"ﬂ
decoder’s function is denoted by D

Xyt
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synthesize a high-quality PET image as similar as a full-
dose PET image, denoted by yzp as shown in Figure 1, as
much as possible, which meant that the J,,, of the above
Eq. [1] yielded equal values when the corresponding
decoders reached their final formation after a training
process in Eq. [2]:

lim (5, ,, )= tim (3, )=y

D—> Dy, D— Dy,
Jm (5, )= Jim (5,0, )= 2]
Yir =V = Ve
Note that, with the same input and target, the training
processes of Eq. [1]’s decoders D, ., ~and D, _, are very

similar, as are D, and p__ . For simplicity, we only
1. 1)1

Yip

V
retained D, and D in our final model.
Xp~Vip i~y

After simplification, two encoder-decoder pairs remained

in our network, of which E, (x;,) and D

Xp~¥ip

belonged
to the primary task, E, (xs;) and D, belonged to the

secondary task, as E,, D,, E, and D, 'resf)]ectively (Figure 2).

In Figure 2, two discriminators for each task were added
to the bi-task structure, which was then called bi-c-GAN.
The primary task had its discriminator and encoder’ inputs
conditioned on the low-dose PET image; the decoder’s
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Figure 3 Details of the model’s generator and discriminator. The different colored arrows in the lower block represent different kinds of

computing methods as specified in the top, in which ‘Conv’ denotes the convolution operation, ‘BN’ denotes batch normalization, ‘ReLU’

denotes the rectified linear unit activation function, ‘LReL U’ denotes Leaky ReLU, and ‘Conc’ denotes the concatenation operation. Boxes

represent tensors. Under each box, Ck denotes a convolution-like layer with k filters, and CDk denotes a convolution-like layer with a

dropout rate of 50% with k filters.

output aligned to the ground truth full-dose PET image.
The secondary task had its discriminator and encoder’s
inputs conditioned on the MRI image; the decoder’s output
aligned to the same ground truth full-dose PET image
from the primary task. The combined loss was made up
of both tasks’ mean absolute error and structural losses, in
which the secondary task’s losses acted as the bias loss. The
combined loss was used as the objective function to train
and optimize the entire model.

The generator and discriminator used in Figure 2 are
shown in detail in Figure 3. They are composed of several
basic blocks comprising convolutions (4x4 filters), batch
normalization, dropout, and activation (rectified linear
unit) layers. There are eight of the above basic blocks in the
structures of the encoders and decoders, as shown in Figure 3.
In the encoder part, we achieved down-sampling using
strided convolution operations with a stride of 2. Because of
skip connection, the last layer of each block in the encoder
layers was concatenated with those in the decoder layers. In
the output layer, the tanh activation function was used. The
discriminator was mainly a 70x70 patch GAN in which five
of the above basic blocks were included (26).

Objective function

Given a batch of paired low-dose PET images and T1-
weighted MRI images as inputs of our proposed model, we
minimized the distance and the structural and bias losses

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

between the synthesized image and the corresponding
ground truth full-dose PET image. Here, we selected the
L1 loss (/;;) as the distance measure, as suggested by Isola
et al. (28), and used GAN loss (/;4y), which are patches out
of the discriminator, as the structural loss. The bias loss (/)
came from the secondary task’s L1 and GAN losses. We
defined the combined loss as the sum of the above losses.
The gradients for the whole network were computed based
on the combined loss by backpropagation. The combined
loss was used for both tasks’ training processes.

Each discriminator provided structural loss for its
corresponding task. A discriminator is an adversarial
network that aims to distinguish the primary generator’s
distribution from the labels. The primary generator’s output
conditioned on an input x is denoted by G (x16,), where G
is the mapping from x to the synthesized output and 6, is
the parameter of G. The discriminator’s output conditioned
on an input «x and label y is denoted by D (x,y106,), where D
is the mapping and 6, is the parameter of D. Combining G
and D, a GAN is created by optimizing min, max, V' (D,G),
where V' is the value function. The object of our GAN
conditioned on x can be expressed as follows:

L (G.D)=E, [log D(x,»)]+E, [log(1-D(x,G(x)))] [3]

Both generators must fulfill the needs of approaching
the ground truth by an L1 loss, in which that of the primary

generator G, is:
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‘CLI (GP ): E"J ["y - GF (x)||l:| [4]
and that of the secondary generator G, is:
£,(6)=E,,[[v-6.(x)] ] 5]

The secondary task served as an inductive bias (17) that
contributed all its losses as the bias loss; then, our final
objective function was defined as follows:

L(G,cGAN)=2, [M“ (G,)+ 2L (G,.D, )]
+4, I:/?'sl:u (Gv ) + 4 LoGan (G.\' , D, ):I
where 4, and 4, are weights of the primary network’s L1
loss and GAN loss, respectively; 4; and 4, are weights of the
secondary network’s L1 loss and GAN loss, respectively; 4,
is the weight of the main loss; and 4, is the weight of the bias
loss.

(6]

Our study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013). Ecthical
approval (Sun Yat-sen University Cancer Center
Guangzhou, China) was obtained, and the requirement for
informed consent was waived for this retrospective analysis.

Experiment

Data acquisition and experiment settings

Real data from the axial head slices of 67 patients were
used in our paper. Patients (both healthy and unhealthy
cases) were between 22 and 73 years old (4711 years old),
of which 30% were female. The acquisition dates were
from July 2020 to December 2020. The T1-weighted

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

MRI and PET data were simultaneously acquired on an
integrated 3.0T PET/MRI scanner (uPMR 790 PET/
MR; United Imaging, Houston, TX, USA). Samples were
acquired from patients 70.6+8.5 minutes after injection of
18F-fluorodeoxyglucose (FDG) (224.4+49.9 MBq), and
FDG was administered intravenously after fasting for at
least 6 h. All PET scans were reconstructed with the time-
of-flight ordered-subset expectation maximization (OSEM)
algorithm (20 subsets, 2 iterations, image matrix size of
192x192, voxel size of 3.125x3.125x2 mm’, and a 3 mm
post-reconstruction image-space Gaussian filter). A full
acquisition time of 10 minutes’ results was used for the
ground truth full-dose PET image. Low-dose PET images
were created by constructing the histogram of the emission
data to 10%, 5%, and 2.5% (respectively, 60, 30, and 15 s)
of the bed duration for all the bed positions in which 5%
was used for training the network. Each patient’s data
included 161 slices, which contained the main regions of the
brain and some other regions of the head. Figure 4 shows
four selected examples of the training pairs. These samples
were selected from different axial slices of the patients.
Slices A and B were from the upper regions of the head, and
slices C and D were from the lower regions. The first two
columns of each case, which were the T1-weighted MRI
and low-dose PET images, were the input modalities of our
proposed network, while the third column was the ground
truth full-dose PET images.

The whole experiment was carried out in TensorFlow
2.2.0 (Google AI, Mountain View, CA, USA) on a computer
equipped with an NVIDIA GeForce RTX 2080 Ti GPU.
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Table 1 Details and quantitative metrics of networks involved in the ablation experiment

Network structure Conditional input Loss function PSNR (dB) NMSE (%) SSIM CNR (%)
Low dose - - 18.50 1.80 0.862 26.1
U-net PET Iy 25.44 0.37 0.976 6.13
U-net MRI Iy 21.23 0.96 0.924 3.95
Bi-U-net PET* & MRI I+ pias 25.86 0.33 0.976 6.68
c-GAN PET l+Lgan 29.94 0.15 0.990 0.61
M-c-GAN PET & MRI I+l oan 30.03 0.13 0.991 2.99
Bi-c-GAN PET* & MRI I+ L pias+Lgan 32.07 0.08 0.994 0.67
Bi-c-GAN PET & MRI* I+l piastLcan 25.74 0.34 0.976 0.8

The best results are marked in bold. *, treated as the primary task’s conditional input. c-GAN, conditional generative adversarial network;
M-c-GAN, multiple c-GAN; Bi-c-GAN, bi-task c-GAN; PSNR, peak signal-to-noise ratio; PET, positron emission tomography; MRI,
magnetic resonance imaging; NMSE, normalized square error of the mean; SSIM, structural similarity; CNR, contrast noise ratio.

Specifically, we applied the Adam optimizer with fixed
momentum parameters £,=0.5 and $,=0.999. A total of 100
epochs were used for training. The learning rate was set
to 0.002, and the batch size was set to 16. The loss weight
ratio between L1 and GAN (4,:4, and A;:4, in Eq. [6]) was
1:200, and the loss weight ratio for bias loss (4,:4, in Eq. [6])
was set from 0.1:1 to 10:1. During training, we set the low-
dose PET as the primary task’s conditional input and T'1-
weighed MRI as the secondary task’s conditional input.

The main quantitative indexes we used to evaluate the
denoising effect and image quality were peak signal-to-
noise ratio (PSNR) and contrast noise ratio (CNR), and the
indexes for similarity from synthesized PET images to full-
dose PET were normalized mean square error (NMSE)
and structural similarity (SSIM). Given an zxz noise-free
monochrome image I and its noisy or synthesized image K,
the PSNR was defined as:

PSNR =10log,, [nZMAX,Z 212(1, —K,.’,.)ZJ 7]

i—0 =0
where MAX; is the maximum pixel value of the image.
Here, the pixels are represented using eight bits per sample,

which is 255. I;; and K;; represent the pixel values in I and K.
The NMSE was defined as:

(Ii,j_Ki,j)z 220 (8]

1
j=0 i=0 j=0

n—1 n—
NMSE =Y’
i—0
The SSIM index was defined as:

SSIM (1,K) = (241,14 +¢,) (20,0 +6)[[ (147 + 143+, ) (07 + o +,) ] [9]

where p; and g are the means of images [ and K, o; and

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

oy are the standard deviations of images I and K, ¢,=(k,L)’,
6,=(k,L)’, and L is the dynamic range of the pixel values (here,
255); k,=0.01 and #,=0.03 by default.

The CNR was defined as:

CNR(1,K)=|m,~m,]|/SD,, [10]

where 72, and 7z, represent the mean intensity inside image
I'and K region of interest (ROI), respectively, and SD,,, was
the pixel-level standard deviation inside the reference’s ROIL.
In this study, the ROI was extended to be the whole image.

The contribution of each made-up part of the bi-task
was analyzed by conducting an ablation experiment. A
comparative experiment with U-net, c-GAN, and M-c-
GAN was carried out to study the advantage of the
proposed method. The synthesized result with a higher
PSNR and SSIM and lower NMSE and CNR values was
treated as being higher quality. Visual examples and an error
map were also used to present the quality of synthesized
images.

Ablation experiment

This stage of the experiment focused on two main
contributions of bi-task-based bi-c-GAN: the effects of
training losses and the effects of conditional inputs. We
discussed the effects of conditional input, and the effects
of the primary task’s different conditional inputs were also
considered. The quantitative metrics of the synthesized
results from each involved experiment are shown in
Table 1. The presented quantitative values in Table 1 were
based on each experiment’s best result. The first column
of Table 1 indicates the trained network’s structure in

Quant Imaging Med Surg 2022;12(12):5326-5342 | https://dx.doi.org/10.21037/qims-22-116
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Figure 5 Comparison of the validation process using different loss
functions, PSNR vs. training epoch. The larger the PSNR value,
the better denoising effect one method can achieve. Proposed
combined loss is “L1+GAN-+bias loss”. PSNR, peak signal-to-noise

ratio; GAN, generative adversarial network.

which U-net used a skip connection only, bi-U-net means
a combination of bi-task and skip connection, c-GAN
combines skip connection, and GAN, and bi-c-GAN is a
combination of skip connection, GAN, and bi-task. Further,
a multiple conditional input using MRI as an additional
input for a conditional GAN (M-c-GAN) was also trained.
As it presents, the bi-c-GAN structural with PET images as
its primary task’s conditional input when training with the
combined loss achieved the best quantitative values in three
indexes and the second best in another.
The contribution of bias loss
As shown in Figure 5, PSNR was selected to illustrate the
effects of different loss combinations along the training
stage. When training with only L1 loss, overfitting occurred
around epochs 20 to 40. When training combined only
bias loss and L1 loss, the overfitting situation was slightly
improved. When training combined only GAN loss and
L1 loss, the overfitting situation was largely improved, but
slow training speed and fluctuations were caused. When the
bias loss, L1 loss, and GAN loss were combined, the PSNR
was greatly improved, and the speed of training was also
improved, but the effect of fluctuations was also inherent.
Above all, the combination of the L1 loss, GAN loss, and
bias loss achieved the highest PSNR values despite the
uncertainty it could bring.

The selection of bias loss weight (A,:A,) values had a
large effect on the trained model. Some values led to a

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

better appearance, while others had no effect or even a
negative effect. We focused on studying the effects of
different bias loss weights on model bi-c-GAN’s test results.
Letting k,=A,:A,, quantitative results and visual examples
using different £, (0, 0.01, 0.1, 1, 10, and 100) can be seen
in Figure 64 and 6B, in which %, acts as a baseline for
comparisons. In Figure 64, we found that when %, equals 0.1
and 10, the model achieved a better appearance with higher
PSNR and SSIM values. Negative transfer occurred when
k, was very large. As extreme examples, in Figure 6B, the
synthesized result of &, =10 had more details and a higher
black and white contrast, and the visual image of &, =100
was the lowest quality.

The contribution of conditional inputs

There were four kinds of conditional inputs when training:
single-task-based model (like U-net and c-GAN) using
low-dose PET modality as the conditional input, single-
task-based model using MRI modality as the conditional
input, a bi-task-based structure using low-dose PET
modality as the primary task’s conditional input and MRI
modality as the secondary task’s conditional input, and a bi-
task-based structure using MRI modality as the primary
task’s conditional input and low-dose PET modality as
the secondary task’s conditional input. Using different
modalities as conditional inputs when training affected the
quality of results.

Figure 7 shows visual examples and error maps of one
axial slice’s tested results using four selected models. These
selected models represent the above-mentioned four kinds
of conditional input in which ¢-GAN was used to represent
a single task’s case. First, as shown in Figure 74, in which
both use the c-GAN based model, the one using the MRI
modal as a conditional input generated fewer details than
the one using PET as the conditional input, but neither
generated more details than bi-c-GAN-based methods.
Further, using MRI as c-GAN’s conditional input or the
primary task’s conditional input of bi-c-GAN influenced
the generated results. For example, in the ROI shown on
the right downside of each image, there should be two sets
of black areas, but MRI-based methods can only clearly
generate one set of black areas with the incorrect size and
position. A more overall view of the difference between the
synthesized images and the ground truth can be shown in
Figure 7B, the error maps, and three selected ROIL. Again,
using PET as conditional input of bi-c-GAN presented
fewer differences from the original full-dose PET image
than all others with no red area and more blue areas. From
ROIs, we again found that methods with MRI as conditional
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P

k,=0.01 k=100

Figure 6 The effects of different bias loss weights on synthesized results. (A) The quantitative comparisons of PSNR and SSIM when using

different bias loss weighs (k,,), the chosen kps values here are 0, 0.01, 0.1, 1, 10 and 100. (B) Visual examples of one slice’s synthesized results

when using these different bias loss weighs. The first column contains input (5% low-dose PET image) and label (full-dose PET image), and

other columns are synthesized images in which the first row appears better than the second row. In two regions of interest which are marked

in blue arrows, bad results indicate a lack of details. PSNR, peak signal-to-noise ratio; SSIM, structural similarity; PET, positron emission

tomography.

inputs presented a distorted synthesis. Therefore, it was
necessary to treat PET as the primary task’s conditional
input when training the bi-c-GAN.

Results

The statistical results from four-fold cross-validation using
U-net, c-GAN, M-c-GAN, and the proposed bi-c-GAN
are presented here. The PSNR, NMSE, SSIM, and CNR
were used as quantitative matrixes to evaluate their effects
on improving the quality of 5% low-dose PET images.
Another hold-out validation was used to test the effects
of the proposed method on other low-dose PETs of 2.5%
and 10%. In the comparative results, the superiority of the
proposed method over traditional methods was highlighted
mainly in three aspects: it had better quantitative
achievements, it was better in improving some specific
slices, and it was more efficient in improving a wider range

of other lose-dose PET of 2.5% and 10%.

Cross-validation

During four-fold cross-validation, 64 datasets were
separated into four folds. For each time, three folds were
treated as a training set and another one as a test set. The
process was repeated four times to yield an overall statistical

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

result. Figure 8 and Table 2 present the detailed comparing
results from which we found that the proposed method
achieved the best mean (= standard deviation) values and
median (Q1/Q3) values in all selected quantitative metrics.
The Wilcoxon signed-rank test was used to compare all
image quality metrics (95% confidence interval). For
example, PSNR was improved by bi-c-GAN from low-
dose PET’s 17.36+2.85 dB to 27.2+2.12 dB significantly
(P<0.001), compared with U-net 25.98+2.17 dB (P=0.101),
c-GAN 26.19+2.41 dB (P=0.025) and M-c-GAN
26.21£2.42 dB (P=0.145). Considering each slice’s initial
state is different, we proposed improvement ratios to make
comparisons easy, namely, the improvement ratio of PSNR
(PIR), NMSE (NIR), SSIM (SIR), and CNR (CIR). These
ratios are defined in Eq. [11]:

n=(-1)

in which M represents model’s synthesized result, LP

i1 |M,— LP)

1.100% [11]

i

represents low-dose PET, 7 ranging from 1 to 4 is the index
of four components in the metric set (1: PSNR, 2: NMSE,
3: SSIM, 4: CNR). By calculating the improvement ratio of
each above, results were presented in Table 2, which shows
that the average PIR of proposed bi-c-GAN was improved
by 6.7-7.3% compared with the other three methods. NIR
also improved by 1.3-1.8%, SIR improved by 0.6-0.7%,
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A Low dose PET c-GAN + MRI c-GAN + PET Bi-c-GAN on MRI Bi-c-GAN on PET Full dose PET

Figure 7 The effects of different conditional inputs on synthesized results. (A) Visual examples and their ROIs of one axial slice’s generating
results using different kinds of conditional inputs, the first image is 5% low dose PET image act as original state of PET here, the last image
is full dose PET image act as ground truth here, other images here are synthesized results using different models, from left to right: c-GAN
conditioned on MRI (c-GAN+MRI); c-GAN conditioned on PET (c-GAN+PET); bi-c-GAN with primary task conditioned on MRI (bi-
c-GAN on MRI); bi-c-GAN with primary task conditioned on PET (bi-c-GAN on PET); a ROLI is selected from the right upside of the
image, which contains two sets of black matters. (B) Error maps of corresponding images in (A). The differences have been normalized to
(0, 1), as depicted by the color bars in the right side of error map; blue means a small difference, and red means a large difference. ROI 1 is
a large region in the middle of image which marked by red boxes; ROI 2 and 3 are small regions in images’ top and bottle which are marked
by red arrows. PERT, positron emission tomography; ROI, region of interest; c-GAN, conditional-generative adversarial network; Bi-c-
GAN, bi-task c-GAN; PET, positron emission tomography; MRI, magnetic resonance imaging.

PSNR (dB) NMSE, % SSIM CNR
30 6 1.00 + 0.4
0.95 - 0.3 1
25 4
0.90 0.2 4
20 2
0.85 - 0.1 1
15 - 0- 0.80 - 0.0 -

[ Low-dose PET Unet [l c-GAN [[]M-c-GAN [l bi-c-GAN

Figure 8 Bar plots of quality metrics’ mean and stand deviation values. Four selected evaluating indexes are PSNR, NMSE, SSIM, and
CNR. The compared models are U-net, c-GAN, M-c-GAN, and the proposed bi-c-GAN. The 5% low dose PET is also used as a reference
to compare in the beginning of each image. PSNR, peak signal-to-noise ratio, NMSE, normalized square error of the mean; SSIM,
structural similarity; CNR, contrast noise ratio; PET, positron emission tomography; c-GAN, conditional generative adversarial network;
M-c-GAN, multiple c-GAN; Bi-c-GAN, bi-task c-GAN.
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Table 2 Comparison of image quality metrics for U-net, c-GAN, M-c-GAN, and the proposed method

U-net

c-GAN

M-c-GAN

Proposed

PSNR (dB)
Median (Q1/Q3)
PIR (mean + SD)
P value

NMSE (%)
Median (Q1/Q3)
NIR (mean + SD)
P value

SSIM
Median (Q1/Q3)
SIR (mean + SD)
P value

CNR (%)

Median (Q1/Q3)
CIR (mean + SD)

P value

26.4 (24.8/27.5)
11.51%+5.82%
0.101

0.309 (0.242/0.445)
70.31%=91.26%
<0.001

0.981 (0.974/0.986)
26.05%:+20.46%
<0.001

5.69 (2.64/10.9)
71.76%+49.81%
0.277

26.5 (24.9/28.0)
11.69%+5.12%
0.025

0.301 (0.209/0.443)
73.55%+86.84%
<0.001

0.981 (0.973/0.987)
26.02%=19.84%
<0.001

5.79 (2.75/11.0)
72.41%+50.34%
0.177

26.6 (24.6/28.1)
11.65%5.10%
0.145

0.299 (0.210/0.463)
74.82%+76.02%
<0.001

0.982 (0.974/0.986)
26.02+19.81%
<0.001

6.15 (2.61/11.1)
72.62%+46.70%
0.526

27.5 (26.1/28.6)
13.17+5.84%
<0.001

0.242 (0.186/0.340)
81.66%+46.35%
0.016

0.985 (0.980/0.987)
26.72%=20.69%
0.079

3.88 (1.72/7.66)
80.60%:+32.90%
0.214

P value, Wilcoxon signed-rank test in which significance level was set to be 5% and proposed bi-c-GAN was compared with U-net, c-GAN,
M-c-GAN and low-dose PET. Q1/Q8, 25% and 75% percentile values of quartile. PSNR, peak signal to noise ratio, NMSE, normalized
mean square error; SSIM, structural similarity; CNR, contrast noise ratio; c-GAN, conditional generative adversarial network; M-c-GAN,
multiple c-GAN; PIR, improvement ratio of PSNR; SIR, improvement ratio of SSIM.

and CIR improved by 8-8.9%.

Figure 9 illustrates visual examples of different methods’
effects in four selected slices (selected from up to low
regions of the head axial). Both U-net and ¢-GAN were
used to compare the proposed bi-c-GAN. Blue squares
indicate three ROIs, and the detail is at the bottom of
each image. Visual examples showed that the bi-c-GAN-
based model presented more detail than the other two
methods, especially in three ROIs. For example, in ROI
2 of slice (4), the proposed bi-c-GAN model synthesized
the clearest black matter sets and the compared methods
showed a lack of details. 7zble 3 shows that PIR and SIR
were selected to study the bi-c-GAN’s effect on four
selected slices over U-net and ¢-GAN based on the cross-
validation experiment; the overall improvement ratio of
each was also presented to act as a reference. From Table 3,
besides showing the advantage of the proposed bi-c-GAN,
we also noticed that the effect of the proposed bi-c-GAN
on the upper parts of the head (slice 1 plus slice 2) was more
obvious than the effect on the lower parts of the head (slice

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

3 plus slice 4). The bi-c-GAN’s average PIR in the upper
parts was 12.9-17.4% higher than that of U-net and c-GAN
compared with its improvement in lower parts (9.2-16.1%).
The bi-c-GAN’s average SIR also achieved an improvement
of 1.1-1.9% in the upper parts over U-net and c-GAN
compared with the lower parts’ improvement of 0.9-1.1%.
All these indicated that bi-c-GAN’s effect on improving
low-dose PET image quality was more obvious in the upper
areas of the head.

Hold-out validation result

In the hold-out validation, all 64 datasets were used for
training, and another 3 datasets were used for testing.
During the hold-out validation, the wider effect of our
proposed method compared to the other two methods
was analyzed. The trained models (trained with 5% low-
dose PET as conditional input of bi-c-GAN’s primary task)
were tested not only in 5% low-dose PET images but also
in 2.5% and 10% low-dose PET images. The statistical
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Figure 9 Visual examples of the synthesized PET images by using different methods. Column (A) is T1-weighted MRI; column (B) is 5%
low-dose PET images; columns (C), (D) and (E) are synthesized results from U-net, c-GAN, and the proposed method; the last column (F)
is the full-dose PET image. Slice 1 to slice 4 are four selected axial parts of the head as shown in Figure 4. Three ROI are also listed in the

bottom of slice 2 and slice 4. In ROI 1, a blue arrow was also used to mark one set of black matter. ROIL, region of interest; MRI, magnetic

resonance imaging; PET, positron emission tomography.

results of different methods’ PIR and SIR (mean and
standard deviation) values and one slice’s visual examples
are presented in Figure 10. The result showed that the bi-c-
GAN-based model trained to improve 5% of low-dose PET
images’ quality could maintain its advantage and achieved
a stable performance in improving 2.5% and 10% of low-
dose PET images. At the same time, the performances of
other methods tended to vary. For example, Figure 104
shows that the bi-c-GAN presented good preferences for

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

PIR, with an 85.78%=15.22% improvement in the 2.5%
low-dose PET compared with U-net’s 81.32%+12.02%
(P=0.027) and c¢-GAN’s 74.72%+6.73% (P=0.019). The
bi-c-GAN showed an average improvement ratio of 4.46—
6.60%, with a 69.89%+24.31% improvement in the 5%
low-dose PET compared with U-net’s 59.22%=25.82%
(P=0.003) and c-GAN’s 60.70%+16.70% (P=0.004), and an
average improvement ratio of 9.19-10.67%. The bi-c-GAN
also showed a 20.03%=11.43% improvement in 10% low-
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Table 3 The statistical comparison of synthesized results from slices involved in Figure 9. PIR and SIR of U-net, c-GAN, and the proposed

bi-c-GAN were presented. Overall achievements acted as references

Models Slice 1 Slice 2 Slice 3 Slice 4 Overall
U-net
PIR (%) 59.8+19.9 60.0+18.6 46.7+27.0 48.0+32.1 53.5+25.8
SIR (%) 29.8+19.6 25.8+20.2 21.3+17.7 27.4+23.0 26.1+20.5
c-GAN
PIR (%) 58.2 +14.7 57.1£12.3 50.6+24.8 51.0+£30.7 54.1+22.3
SIR (%) 29.5+18.7 25.3+19.2 21.7+17.2 27.7+22.7 26.0+19.9
Bi-c-GAN
PIR (%) 64.9+19.4 67.8+23.8* 53.5+25.7 57.3+£30.0 60.8+25.7
SIR (%) 30.2+20.0* 26.5+21.2 21.9+17.6 28.3+22.8 26.7+20.7

Values are presented in the format of mean + stand deviation. *, the highest improvement ratio. c-GAN, conditional generative adversarial

network; Bi-c-GAN, bi-task c-GAN.

dose PET compared with U-net’s 5.15%=8.56% (P=0.031)
and ¢-GAN’s 20.01%+8.59% (no significance) with an
average improvement ratio of 0.01-14.88%. The advantage
is also shown in Figure 10C; when compared with the
proposed method (column d’s images), synthesized results
and their corresponding selected ROIs of U-net (column b’s
images) and c-GAN (column c¢’s images) presented a lack of
details in improving 2.5% and 5% low-dose PET images or
overfitting in improving 10% low-dose PET images.

Discussion

In this paper, bi-task-based bi-c-GAN was trained
successfully, demonstrating a high denoising and image
quality improving ability. As explained in Methods section,
bi-c-GAN is a novel end-to-end encoder-decoder network
structure combining the strength of skip connection,
conditional input, GAN, and bi-task structure; to make all
parts cooperate well, a novel combined loss was used in
the training stage. In the ablation experiment, we found
that the combined loss contributed to bi-c-GAN’s training
by alleviating overfitting and improving training speed
though it also could bring instability. Moreover, if the
wrong bias loss’s weight was chosen when training using
combined loss, a negative transfer occurred. To avoid this,
the bias loss’s weight should not be too large, resulting in
negative transferring or too small, which will have little
effect. Further, conditional input acted differently when
contributing to the training result. Although using T'1-
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weighed MRI can provide an inductive bias that benefits the
training process, it is not useful when training using MRI
as conditional input or as primary task’s conditional input
directly because it tends to achieve comparatively lower
PSNR and SSIM values, higher NMSE, and CNR values
as shown in Table 1. It also has a poor image detail in visual
examples, as shown in Figure 7. A potential explanation
for this is that although T1-weighted MRI images provide
extra information, it is still very different from PET images’
shape and pattern. These differences may remain in the
synthesized PET images and then cause distortions in the
synthesized PET images.

In the statistical analysis, a four-fold cross-validation was
first carried out and tested in 5% low-dose PETs. The bi-
¢-GAN-based model outperformed U-net, c-GAN, and
M-c-GAN-based models with significant results. In the
evaluation shown in Figure 8§ and Table 2, bi-c-GAN’s has
a better denoising ability, which was concluded by higher
PSNR values and lower CNR values. These values were
more similar to full-dose PET, as indicated by a higher
SSIM values and lower NMSE values. Visual examples also
showed that bi-c-GAN had more detailed and less distorted
results. Moreover, when improving upper slices of the head
axial, bi-c-GAN showed more potential, with a higher
improvement ratio than the compared methods. This
indicates bi-c-GAN’s ability to improve the quality of PET
images for these regions. In the hold-out validation, the
proposed bi-c-GAN and two comparing models were tested
on PET images of various low doses. The statistical results
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Figure 10 Hold-out validation’s statistical results and visual examples. (A) and (B) are statistical results (mean + standard deviation) from

comparisons using U-net, c-GAN, and the proposed method to improve different initial low-dose PET images of 2.5%, 5%, and 10%: (A)

PIR; (B) SIR. The proposed method is compared with two other methods. * indicates a significant result (P<0.05). (C) A visual example is

a visual example of different methods’ synthesized results using different levels’ low dose PET inputs: (a) low-dose PET inputs of 2.5%,
5% and 10%; (b) U-net; (c) c-GAN; (d) proposed method; (e) full-dose PET. Three regions of interests are marked by blue boxes. PIR,

improvement ratio of peak signal-to-noise ratio; SIR, improvement ratio of structural similarity; PET, positron emission tomography; c-GAN,

conditional generative adversarial network.

indicated that bi-c-GAN could extend its advantage and
effect to improve the quality of 2.5% and 10% of low-dose
PET images, demonstrating its more general effect. This
can be very useful in a practical situation since a reduced
dose will not be an exact amount.

Improving ultra-low-dose PET image quality with deep

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

learning-based methods can be timesaving and financially
affordable. Our proposed bi-c-GAN has narrowed the gap
in realizing this potential. However, some limitations of
bi-c-GAN still exist. First, the bi-task-based structure is
very large, and training requires extra resources. Further,
the performance of synthesized results is influenced by the
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combined loss’s weights. Finally, the efficiency of bi-c-GAN
needs to be tested in other body parts or a whole-body.

Conclusions

This paper trialed a novel method called bi-c-GAN
to improve the quality of ultra-low-dose PET images
and reduce patients’ radiation exposure burden. The
experimental results from 67 real patients demonstrated the
advantage of the proposed method over compared methods
in denoising effects, the similarity to full-dose PET, more
detail and less distortion in synthesized images, and wider
effects. Future work will focus on optimizing our structure
and attempting to apply it in a whole-body scenario.
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