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Abstract. Low-dose computed tomography (LDCT) denoising is
an important topic in medical imaging field. In practice, we aim
to preserve the LDCT quality and diagnostic performance while
lowering the CT radiation dose. Deep learning-based algorithms
such as the convolutional neural network (CNN) and the generative
adversarial network (GAN) have recently shown promising results
in LDCT denoising. However, limited domain knowledge makes it
hard to improve the denoising performance. Instead of manually
extracting domain knowledge, we offer a new LDCT denoising
scheme and a novel GAN architecture that uses segmentation
information as domain knowledge. We demonstrate that domain
knowledge from mask LDCT images may be transferred to our
denoising GAN for improved LDCT denoising performance. We
show that the more precise our semantic segmentation model is,
the better our GAN denoising performance is. Furthermore, we posit
that the domain knowledge provided by segmentation can come
from different datasets, which we refer to as coarse-grained domain
knowledge sharing. (© 2022 Society for Imaging Science and
Technology.
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1. INTRODUCTION

Low-dose CT (LDCT) denoising is critical since the re-
duction of the CT radiation dose keep patients safer while
compromising image quality. The many methods for LDCT
denoising have been proposed in Refs. [1-5].

Recently, deep learning based algorithms such as con-
volutional neural network (CNN) and generative adversarial
network (GAN) have been achieved good performance in
industrial applications [6, 7], Internet of Things (IoT) [8-10],
medical imaging [11, 12], etc, especially LDCT denois-
ing [13-19]. However in the medical imaging field, it is
often hard to improve the performance of the deep learning
based methods to clinical level without domain information.
Furthermore, it is often hard to transfer the domain rules into
denoising process effectively.

Semantic segmentation is a useful technique for cate-
gorizing each pixel in an image into one of a number of
categories [20]. In the medical imaging scenario, this kind of
semantic information can be treated as domain knowledge.

We aim to solve LDCT denoising issue more effectively
and automatically, using a combination of GAN architec-
ture [21, 22] and the domain knowledge extracted from
semantic segmentation. We assume that the segmentation
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process is a domain knowledge extraction process. We
use tissue semantic segmentation networks with labeled
tissue mask information in lung CT. We conclude that the
trained segmentation network retains information about
the delicate tissue semantic information. In the meantime,
inspired by image-to-image translation, we construct a
paired cycle-GAN structure [23] in which we also add seg-
mentation network structure. We show that the segmentation
information to our network can get better performances on
LDCT denoising task. We demonstrated that better semantic
segmentation model makes better denoising performance.
Moreover, we determined that the dataset for segmentation
and dataset in LDCT denoising can be different. In summary,
the contributions of this paper are as follows:

e We present a denoising GAN with segmentation net-
work structure and semantic segmentation information
for LDCT denoising and show that the segmentation
information as domain knowledge can be transferred
from mask NDCT images to our denoising GAN to get
a better performance on LDCT denoising task.

e We demonstrate the relations between semantic seg-
mentation accuracy and denoising performance. The
more accurate our semantic segmentation model is, the
better denoising GAN performance is.

e Since the dataset used for semantic segmentation is
different from the dataset used for denoising and they
are from the same domain (lung CT images), we posit
that this kind of domain knowledge is shareable.

2. RELATED WORK

2.1 Denoising for LDCT Based on CNNs

Noise reduction for LDCT is a challenging task in medical
imaging field. Although there are various methods to
tackle it, we focus on the image post-processing technique.
Recently, various denoising models based on CNNs have
achieved good performance.

CNNs as a deep learning based model can learn the
pattern of images. Many CNN based denoising models
with different network architectures were proposed. Chen
et al. [24] used a 2D CNN to map LDCT images towards
its corresponding NDCT counterparts in a patch-by-patch
fashion. Wolterink et al. [14] used a GAN for noise reduction
in LDCT. Chen et al. [13] handled the LDCT denoising with
aresidual encoder-decoder CNN. On the other hand, object
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Figure 1. lllustration of the general denoising scheme. LD, ND, masklD and maskND denote low-dose CT dataset, normaldose CT dataset, segmented

low-dose CT images and segmented normal-dose CT images respectively.

functions determine the learning strategy of the model. We
can also find many kinds of object functions in CNNs based
denoising model such as the mean squared error loss [13, 14,
24], the adversarial loss [14-17] and the perceptual loss [15].
Although we have utilized many CNNs based models for
LDCT denoising, the domain knowledge is critical for LDCT
denoising. Extracting domain knowledge as experts’ rules is
an option, however in our work we will transfer the domain
knowledge from automatic semantic segmentation.

2.2 GAN:s for Iinage-to-Image Translation

GANSs are a new kind of deep learning paradigm. Recently,
more and more GANs were proposed especially in the
field of image-to-image translation [23, 25, 26]. From the
perspective of whether the training images are paired or
not, image-to-image translation can be categorized into two
kinds: (i) paired image-to-image translation; (ii) unpaired
image-to-image translation.

In the paired image-to-image translation situation, we
have both input images and corresponding output images.
The training images are paired and we can leverage the
information from the paired images from each other.

Because of the scarcity of the paired training images in
real life, unpaired image-to-image translation was proposed
and the scenarios are more extensive. Zhu et al. [25] present
an approach for learning to translate an image from a
source domain X to a target domain Y in the absence of
paired examples using cycle-consistent adversarial networks.
Kim et al. [26] also propose a method based on generative
adversarial networks that learns to discover relations given
unpaired data between different domains (DiscoGAN).

Although in the scenario of LDCT denoising, it is
expensive to find the paired training images (LDCT images
and corresponding normal-dose CT (NDCT) images), we
will utilize the synthesize data to leverage both pair and
unpaired image-to-image translation in our method.
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2.3 Medical Iimage Segmentation

Semantic image segmentation is the task of classifying each
pixel in an image from a predefined set of classes [20, 27,
28]. In practice, labeling the pixel and segmenting the organs
or lesions are expensive and time consuming. However, we
can get the domain knowledge at pixel level such as the edge
of the lesions or the shape of the tissues, etc. Thus semantic
segmentation was used broadly in the medical imaging fields.

Ronneberger et al. [29] presented a convolutional
network called U-Net for biomedical image segmentation,
which has been successfully applied on medical image
segmentation task.

Azad et al. [30] proposed an extension of U-Net,
Bi-directional ConvLSTM U-Net with densely connected
convolutions (BCDU-Net) for medical image segmentation
and achieved state-of-the-art performance on three different
kinds of medical image datasets.

As we can see, semantic segmentation models can reflect
pixel level domain information, we can utilize it as a domain
knowledge extractor.

3. METHODOLOGY

Our goal is to denoise the LDCT images. Although there are
lots of CT denoising work with GAN structures, we focus on
the effectiveness of the domain information transferred from
segmentation and its enhancement for our denoising GAN
architecture. First we will propose our general denoising
scheme which involves two stages. Then we will describe our
denoising GAN in detail, including: the loss of our network,
the architecture of it, etc. In the last part of this section, we
describe the implementation details of our denoising GAN.

3.1 General Denoising Scheme

The general denoising scheme is depicted in Figure 1. We
utilize two datasets: Data A is a dataset for domain knowledge
extraction with segmentation network. Data B is a dataset
which is totally different from Data A and we use it for
denoising and evaluation of our method. Data B is originally

July-Aug. 2022



Yin and Zheng: Segmentation as domain knowledge in GAN for low-dose CT denoising

Cycle loss 1

Pair loss 1 «weeees

Pair loss 2 +eees

-%m—>m—>-

------ Adversarial loss 2~ .+~

Cycleloss 2~

--------- Adversarial loss1 ™

-%m—>m

SegNet [T Seg loss 1

]

Seg-Net

} s S@g 0SS 2

Figure 2. Overview of the proposed denoising GAN. Here, D, ND, masklD and maskND denote low-dose CT dataset, normal-dose CT dataset,
segmented low-dose CT images and segmented normal-dose CT images respectively. S[LD”) and S(ND”) are short for Seg(LD”) and Seg[ND") respectively.

The various losses in the diagram will be defined in the next subsection.

a normal-dose CT dataset. For our network training and
evaluation target, we synthesis a LDCT dataset called LD
from the original Data B. Here, we call the original Data B
as NDCT images and the synthesis version which simulated
the noisy situation as LDCT images. Data A and Data B are
both from the same medical domain and they are both lung
CT scan images. However, Data A has semantic segmentation
mask, so we can treat it as a labeled domain knowledge
source. While Data B prepared now is a paired data source,
there are LDCT and NDCT parts in it. So we can utilize the
pair information from Data B and evaluate our denoising
performance on it.

We divide the scheme into two stages. In Stage 1, we
train a semantic segmentation network with the data A and
get a trained network. In Stage 2, we propose our denoising
network mainly based on a denoising GAN structure. We
can fully use the paired lung CT scans in Data B and the
segmentation information from Data A. Since there are two
kinds of inputs in Data B, namely LDCT and NDCT, we can
use segmentation knowledge from Data A to get maskLD
and maskND. Then we set LDCT and NDCT as input of our
denoising GAN simultaneously. We make the segmentation
structure in our GAN with no prior weights. We train it with
the whole denoising GAN. We add the mask LDCT and mask
NDCT as the ground truth for one kind of discriminator in
our GAN. After the training process stabilized we can get ND/
(i.e. the LDCT after denoising) as one of the output of our
denoising GAN.

3.2 Denoising GAN Architecture

Our goal is denosing the LDCT images and the main part of
the denoising process is the denoising GAN. We illustrate the
denoising GAN architecture in Figure 2.

We set LD and ND as input of our GAN. They go through
the generator tf; y and tty, 1. We can get a pair of generated
images ND' and LD'. Then, we continually put ND" and LD’
into the generator. Finally, we can get ND” and LD". They
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can form cycle loss with ND and LD. Here, the red line and
blue line in the picture means the weights sharing.

Next, we take advantage of the power of segmentation
network. We put ND” and LD” through a segmentation net
and get the corresponding mask images. We use the trained
segmentation network and infer the LD and ND. This will
form the Seg Loss in our objective functions.

All in all, the total architecture of our denoising GAN is
an image-to-image translation structure with segmentation
network providing fine grained domain information.

3.3 Overall Optimization Objective

Our network architecture is similar to an image-to-image
translation network structure. However, we want to transfer
the segmentation information and the segmentation network
ability. So there are four kinds of loss functions in our
network.

3.3.1 Adversarial loss

As in Fig. 2, we can see that there is an adversarial loss to the
mapping functions. We express the objective as below. Here,
all the E denote the expectations from the corresponding data
distributions.

Lan(GL,N, Dnp, LD, ND) = ENp~py,,(ND) [10g Dnp(ND)]
+ Erp~psp)log(1 — Dnp(GL N )] (1)
and the counterparts objective is:
LGan(Gn,1, Dip, ND, LD) = Erp~py,.,wp)llog Dip(ND)]
+ END~Pyy,(NDy[log(1 — D1p(Gn.1))]. (2)

Since our network acts as a paired cycle GAN style, we
can express the adversarial loss as:

LGan(G, Dy, x, y) = Lgan(GL N, Dnp, LD, ND)

+ LGan(Gn,1, Dip, ND, LD). (3)

July-Aug. 2022



Yin and Zheng: Segmentation as domain knowledge in GAN for low-dose CT denoising

3.3.2 Cycle loss

In continuation, we introduce the cycle loss. The cycle loss
1 here is the difference between LD and LD” and the cycle
loss 2 is alike. The cycle loss here is for cycle consistency. We
ensure that LD and LD” which pass through the generator
are kept consistent. The cycle loss here is expressed as:

Leye(GL,N, GN,L) = Erp~Pyrs D) | GN, (G N (LD)) — LD||1]
+ END~Pae WD) LGN, L (GL,N (ND)) — ND||1]. 4)

3.3.3 Pair loss

Since we want to stabilize the network and simultaneously
take advantage of the pairing information, we can use the
pairing information from real LD and ND. We just need to
take the MSE-like style as the loss:

Lpar(GL,N+ GN, 1) = ELD~Py,aup) [1GL, N (LD) — ND|[ 1]
+ ENDNPdam(ND) [”GL,N (ND) - LD” 1 ] (5)

3.3.4 Seg loss

Finally, since we use the segmentation information as our
domain knowledge for denoising. We add a seg loss here
which measure the misdistance from segmentation. As
shown in Fig. 2, mask;p and maskyp are referenced ground
truth of the seg loss while Seg(LD") and Seg(ND") are the
outputs of the denoising GAN structure. We can express it
as:

ND' =Gy N(LD), LD"=Gn,1(GLN(LD)) (6)

LD' =Gy (ND), ND" =Gy N(GN,L(ND)) (7)
Lseg(Seg, LD”, mask;p)

= ELD/~Pyyy 11, [Maskp # 1og(Seg(LD"))]
+ Erpr~p data(LD"")
[(1 — maskyp) *log(1 — Seg(LD"))] (8)

Lseg(Seg, ND”, masknp)
= END/~P gy, [MSKND * log(Seg(ND"))]
+ Enp”

~Pata(ND" )
[(1 — maskyp) * log(1 — Seg(ND”))] 9)
Lyeg(Seg) = Lseg(Seg, LD, mask;p)
+ Lseg(Seg, ND”, masknp). (10)

So all in all, we can get the full objective of our network as
below. It is worth mentioning that various hyperparameters
A here are to balance different losses.

Loss = Ag * LGAN + Ac * Leyc + Ap % Lpar + As * Lgeg.  (11)

4. EXPERIMENTS

4.1 Datasets

In our experiments, we choose two datasets: (i) Data A is
from a data competition dataset for lung segmentation [31].
We use it for our segmentation task in Stage 1. There are 267
lung CT images and corresponding mask images. (ii) Data
B is from another data competition called data science bowl
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2017 [32]. As illustrated in Fig. 1, Data A is pretrained for
transferring the segmentation information.

Data B is for our denoising task and we use the 1043
images from Data B as a pairing dataset. For training
the segmentation and GAN structure simultaneously, we
randomly choose 1043 lung CT images from 25 patients
in Data B. We take 847 images as train data and 196
images as test data. Image noise comes from various
mechanisms, photons hitting, for instance and the behavior
of photons hitting the detector are usually treated as Poisson
distribution. Also, the electrical noise takes an important role
in low-dose CT and is normally a Gaussian distribution [33].
Based on this principle, we take the origin data as NDCT and
by adding Poisson and Gaussian noise, we treat the simulated
version as LDCT which is our denoising objective.

4.2 Networking Settings

In the previous section, we proposed the whole general
scheme of our methods and the main architecture of
the denosing GANs. To confirm the effectiveness of our
methods, we choose two kinds of segmentation network and
two kinds of denoising GANs. The segmentation networks
chosen are U-Net [29] and LSTM-U-Net [30]. We can find
that different segmentation network contribute differently
for denoising.

The main part of denoising GANs inspired by Cycle-
GAN [23]. So here we use CycleGAN and DiscoGAN [26]
as the main part of our denoising GAN. Notably, we fully
use the pairing information and segmentation information
in our GAN.

4.3 Parameter Settings

The segmentation network and denoising GANs in our
experiments are all implemented in Keras [34] and Tensor-
Flow [35]. We perform our experiments on Nvidia Tesla M40
with 12GB memory to accelerate the training and inference
procedure. In our experiments, the learning rate, and batch
size are 0.005, and 8 respectively. We chose 100 epochs for
training process.

4.4 Evaluation

Since our target is to denoise LDCT images, we chose PSNR
and SSIM as our metrics. Peak signal to noise ratio (PSNR)
and structured similarity index (SSIM) are both chosen for
quantitative assessment of image quality. These two metrics
are all pixel-level similarity metrics. PSNR is a more objective
index for image quality while SSIM focuses more on the
structure and the sharpness of the images. So we can evaluate
the denoising performance both from objective values and
subjective feelings.

5. RESULTS

5.1 Segmentation as Domain Knowledge

We set six setups for evaluating our methods. We can
see from Table I, the denoising GANs with segmentation
perform better than GANs without segmentation in both
metrics. Furthermore, we can find that the segmentation
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Figure 3. Images with different sefings of our denoising GAN.
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Figure 4. Local defails of images with different settings of our denoising GAN.

performance of the segmentation part influence denoising
effect. The more accurate the segmentation is, the better
the denoising effect. Since LSTMUnet has the best
segmentation performance, CycleLSTMUnet has the best
denoising effect here, and original LDCT has the lowest value
in both metrics.

In Table I, CycleLSTMUnet means that the denoising
GAN structure is similar to CycleGAN [23] and the
segmentation part is LSTMUnet [30]. CycleUnet means that
the denosing GAN structure is similar to CycleGAN and
the segmentation part is original Unet structure [29]. Cycle
means that there is only CycleGAN structure in the denoising
GAN. DiscoUnet means that the denosing GAN structure
is similar to DiscoGAN [26] and the segmentation part is
Unet structure. Disco means that there is only DiscoGAN
structure in the denoising GAN. In last column of Table I,
LDCT means the PSNR and SSIM values from the original
low-dose CT images. We can find that
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Table 1. Quantitative results of denoising GANs with and without segmentation
information.

(yclelSTMUnet ~ CycleUnet  Cycle  DiscoUnet  Disco  LDCT

PSNR 29.347 28928 27869  27.363  26.637  25.593
SSIM 0.897 0.887 0.862 0.885 0858 0792

Moreover, not only the numeric values of the metrics
support our assumption, we can also get the subjective
feeling from the denoising images. As we can see from
Figures 3 and 4, results of denoising GAN with segmentation
information can get smoother edges. Apparently, this kind of
images with smoother edges can be more friendly to clinical
diagnosis.

Since our segmentation networks are usually for se-
mantic segmentation tasks. We can get the pixel level
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Figure 5. The mean PSNR of denoising GAN with different segmentation seftings.
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Figure 6. The mean SSIM of denoising GAN with different segmentation seffings.

segmentation information as domain knowledge. It is worth
to mention that, as we know, in the medical image scenario
we can hardly get qualified mask images (e.g. for some
specific tasks). However, in our methods, the segmentation
networks and denoising networks use different datasets. This
means that we can transfer this kind of domain knowledge
even from a public available datasets for LDCT denoising.

5.2 Better Segmentation Makes Better Denoising
Performance

Moreover, as we can see from Figures 5 and 6, the results
of our denoising GAN with segmentation information have
some trends. Since LSTMUnet has better segmentation per-
formance than normal Unet structure, whether CycleGAN
or DiscoGAN denoising structure shows the trends that the
better performance the segmentation networks we can use,
the better denoising performance we can get. This conclusion
works for both PSNR and SSIM metrics. We can also imply
that segmentation transfer the domain knowledge even in
pixel level.
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6. CONCLUSION

We presented a denoising generative adversarial network
with segmentation network structure and semantic seg-
mentation information for LDCT denoising. We showed
that the segmentation information as domain knowledge
can be transferred from mask NDCT images to our
denoising GAN to get a better performance on LDCT
denoising task. We demonstrated that the more accurate our
semantic segmentation model is, the better denoising GAN
performance is. Moreover, since the dataset used for semantic
segmentation is different from the dataset used for denoising
and they are from the same domain (lung CT images), we
conclude that this kind of domain knowledge can be shared.
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