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ABSTRACT 

Reducing radiation dose of x-ray computed tomography (CT) and thereby decreasing the potential risk to 
patients are desirable in CT imaging. Deep neural network (DNN) has been proposed to reduce noise in 
low-dose CT images and showed promising results. However, the most existing DNN-based methods 
require training a neural network using high-quality CT images as the reference. Lack of high-quality 
reference data has therefore been the bottleneck in the current DNN-based methods. Recently, a noise-to-
noise (Noise2Noise) training method was proposed to train a denoising neural network with only noisy 
images. It has also been applied to low-dose CT data in both the count domain and image domain. 
However, the method still requires a separately acquired independent noisy reference image for 
supervising the training procedure. To address this limitation, we propose a novel method to generate both 
training inputs and training labels from the existing CT scans, which does not require any additional high-
dose CT images or repeated scans. Therefore, existing large noisy dataset can be fully exploited for 
training a denoising neural network. Our experimental results show that the trained networks can reduce 
noise in existing CT image and hence improve the image quality for clinical diagnosis. 
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1. INTRODUCTION 

X-Ray computed tomography (CT) plays an important role in medical imaging, while the potential risk 
of radiation dose to patients cannot be ignored (Brenner and Hall 2007, Pearce et al 2012, de Gonzalez 
and Darby 2004). In order to reduce the radiation dose, a common approach is to decrease the tube current 
(Greess et al 2002). Unfortunately, lower dose introduces more noise and artifacts, which may deteriorate 
the diagnostic value of CT images.  

Numerous methods have been proposed to reduce image noise. These methods can be divided into two 
main categories: (1) advanced iterative reconstruction methods (Geyer et al 2015, Tian et al 2011, Xu et 
al 2015) and (2) image processing methods, including either pre-processing projections or sinograms 
(Wang et al 2005, Manduca et al 2009) or post-processing reconstructed images (Feruglio et al 2010). 
Using iterative reconstruction algorithms, the quality of reconstructed low-dose images can be 
substantially improved and can be comparable to the reconstructed images of high-dose CT (HdCT). 
However, iterative reconstruction algorithms are usually time-consuming due to high computational 
complexity, and thus have not been commonly used in clinical practices. In comparison, image processing 
methods can be computationally faster, but they require a proper model of the noise, which can be difficult 
to obtain, and the resultant images may suffer from blurred edges and decreased resolution.  

 Recently, deep neural network (DNN) based methods have been proposed for low-dose CT (LdCT) 
denoising (Yuan et al 2019a, Chen et al 2017, Wang et al 2018, Kang et al 2018, Yang et al 2018, 
Wolterink et al 2017, Shan et al 2018, 2019a, 2019b, Tang et al 2019, Liang et al 2019) and showed 
promising results. Chen et al (Chen et al 2017) introduced a residual encoder-decoder convolutional neural 
network  (RED-CNN) and Wolterink et al (Wolterink et al 2017) used generative adversarial networks 
(GANs) (Goodfellow et al 2014). Subsequently, other network structures (Kang et al 2018, Shan et al 
2018, 2019a, 2019b) and improved loss functions (Yang et al 2018, Geng et al 2018) have been studied. 
Liang et al (Liang et al 2019) and Tang et al (Tang et al 2019) also applied cycleGAN (Zhu et al 2017) 
to perform network training with unpaired LdCT and HdCT images.  

The standard and most commonly used way of training a denoising network is to take noisy LdCT image 
as the input and low-noise HdCT image as the reference. Even though a cycleGAN can be trained using 
unpaired images, a number of HdCT images are still required. One exception is the unsupervised training 
in (Geng et al 2018), where a network was trained using a penalized likelihood function of the low-dose 
CT data, but it was also showed in the same paper that including HdCT images in the training can improve 
the performance. However, acquiring a large number of HdCT images is challenging due to the risk of 
radiation. In 2018, Lehtinen et al (Lehtinen et al 2018) introduced a noise-to-noise (Noise2Noise) model 
to train DNNs without using any clean images. The method has been applied to LdCT denoising (Yuan et 
al 2019b, Wu et al 2019). In a previous publication (Yuan et al 2019b), we showed that the Low-dose-to-
Low-dose (Ld2Ld) training achieved comparable results to Low-dose-to-High-dose (Ld2Hd) training in 
both count and image domains using low-tube-current LdCT. However, Ld2Ld training requires an 
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independent measurement as the reference, which means a repeated scan of the same subject is needed. 
Such repeated scans are not commonly available in practice.  

To address these problems, here we propose a novel method to generate both the training input and 
training label from one CT scan. Then the denoising network can be trained only using these data without 
any other HdCT data or repeated scan of the same subject. The focus of the paper is on the generation of 
training data, which can be used to train a verity of networks with a range of loss functions. Since this 
method highly exploits the value of existing dataset and eliminates the requirement of either HdCT data 
or repeated scans for training a denoising neural network, we expect it can be used as a valuable tool for 
deep neural network based LdCT image denoising. A related method was presented in (Wu et al 2019), 
where two noisy data sets for Noise2Noise training were generated using the odd and even projections, 
respectively. While the even and odd projections are similar, they do not have the same mean due to helical 
rotation. Furthermore, angular subsampling could introduce reconstruction artifacts that cannot be 
removed by ensemble averaging, which violates the assumption of zero-mean noise in Noise2Noise 
training. For these considerations, their network training employed a number of regularization functions. 
In contrast, our proposed method splits count data in each detector bin and thus guarantees independent 
and identical noise distribution between the two data sets. Denoising networks can be trained using a 
simple loss function without any regularization. Unlike Wu’s method which only worked in image-domain 
denoising, we demonstrate the effectiveness of the proposed method in both count-domain and image-
domain denoising by comparing it with the previously published Ld2Ld and Ld2Hd training. We also 
show the advantage of the proposed method over the other state-of-the-art self-supervised or unsupervised 
training methods, namely the Noise2Void (Krull et al 2019) and Noise2Self (Batson and Royer 2019).   

2. METHODS 

2.1 Half-dose data splitting process model 

For X-ray CT, a count-domain projection 𝑃(#⋅%)	, where 𝐼 denotes the tube current of the acquisition  
and 𝑇 denotes the exposure time, can be modeled by a combination of a compound Poisson distributed 
transmission noise and a white Gaussian electronic noise (Whiting et al 2006, Snyder et al 1993, La 
Riviere 2005). It has been shown that the sum of the compound Poisson and Gaussian model can be 
approximated by a sum of the simple Poisson and Gaussian model (Elbakri and Fessler 2002) 

𝑃(#⋅%)	~	𝑃𝑜𝑖𝑠𝑠𝑜𝑛{𝑏1𝑒34} + 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛{0, 𝜎=>}	 (1) 

where 𝑏1 denotes the blank scan measurement,	𝜌 is the line integral of the linear attenuation coefficient of 
the scanned subject, and 𝜎=  denotes the standard deviation of electronic noise. In order to perform 

Noise2Noise training, we propose to split 𝑃(#⋅%) into two independent half-dose scans, each acquired at #
>
 

current and exposure time 𝑇. The half-dose data should follow the Poisson plus Gaussian distribution 
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𝑃(
#
>⋅%)	~	𝑃𝑜𝑖𝑠𝑠𝑜𝑛 @

1
2 𝑏1𝑒

34C + 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛{0, 𝜎=>} 

The process would be trivial if we knew the expectation of 𝑃(#⋅%) , but we only have the noisy 
measurement. Snyder et al (Snyder et al 1993) have shown that sum of the simple Poisson and Gaussian 
distribuiton can be approximated by a shifted Poisson distribution, so we have  

𝑃(#⋅%) + 𝜎=>	~	𝑃𝑜𝑖𝑠𝑠𝑜𝑛{𝑏1𝑒34 +	𝜎=>} (2) 

Considering (𝑃(#⋅%) + 𝜎=>) as a Poisson process, we can use the binomial selection to split it into two 
pseudo half-dose scans (Elhamiasl and Nuyts 2019)  

𝑃DE=FGH
I#>⋅%J = 	ℬ𝑖𝑛𝑜𝑚𝑖𝑎𝑙 O𝑃(#⋅%) + 𝜎=>,

1
2P, 

𝑃DE=FGH
I#>⋅%J

Q

= 	𝑃(#⋅%) + 𝜎=> − 𝑃DE=FGH
I#>⋅%J . 

(3) 

 

(4) 

which are independent and both follow a Poisson distribution 𝑃𝑜𝑖𝑠𝑠𝑜𝑛 TU
>
𝑏1𝑒34 +	

U
>
𝜎=>V. Their variances 

are less than that of a true half-dose scan because the Gaussian noise component is also reduced during in 

the splitting process. The key point is to maintain independence between 𝑃DE=FGH
IWX⋅%J  and 𝑃DE=FGH

IWX⋅%J
Q

, so equation 

(4) is critical and cannot be replaced by another binomial selection. If the two data sets were generated by 
running the binomial selection twice, they would have a correlation coefficient of 0.5 and using them in a 
Noise2Noise training would produce sub-optimal result (see Section 5 for an example). To compensate 

for the reduced Gaussian noise, an additional Gaussian noise with mean zero and variance U
>
𝜎=> can be 

added. The final two half-dose scans are generated by the following the formulae that compensate for both 
the mean and variance shifts 

𝑃YZ[\ = 	𝑃DE=FGH
(#>⋅%) −

1
2𝜎=

> + 	𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 O0,
1
2 𝜎=

>P (5) 

and 

𝑃YZ[\Q = 𝑃DE=FGH
I#>⋅%J

Q

−
1
2𝜎=

> + 	𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 O0,
1
2 𝜎=

>P. (6) 

Equation (3) assumes that 𝑃(#⋅%) + 𝜎=> is a positive integer. For non-integer values, the binomial selection 
is applied to the integer part only and the fractional value is randomly assigned to one of the pseudo half-
dose scans.  
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2.2 Half-dose to half-dose (Half2Half) training process 

The two half-dose scans generated from (3)-(6) are independent identically distributed (i.i.d.) and have 
the mean and variance matching the Poisson plus Gaussian model of a true half-dose scan. They can be 
used to train neural networks for denoising low-dose CT images using the Noise2Noise training. The 
network training can be performed in either the count data domain or the image domain. For the count-
domain training, we used one of the half-dose scans, 𝑃YZ[\, as the training input and the other one, 𝑃YZ[\Q , 

as the label. For the image-domain training, we first reconstructed the half-dose data, 𝑃YZ[\  and 𝑃YZ[\Q , 
using the cone-beam filtered back-projection (FDK) algorithm and then used one of the reconstructed 
image as the training input and the other as the label. We note that the noise in the count domain has zero 
mean and thus satisfies the Noise2Noise training requirement, but the noise in the image domain at 
extremely low-dose situations may not have zero mean due to the logarithm transformation and may 
reduce the Noise2Noise training performance. However, this is a limitation of the Noise2Noise model, not 
caused by the half-half splitting process. 

2.3 Comparison with Half-to-Full training 

A common approach that has been used in training LdCT denoising networks is to simulate LdCT scans 
by introducing noise into normal-dose CT scans and then train a denoising network using the simulated 
LdCT scans as the input and the normal-dose CT scans as the label. Since the noise in the normal-dose 
scans is also present in the simulated LdCT scans, the noise in the input and noise in the label are 
correlated. We refer to this approach as “half-to-full” training to signify the fact that noise in the input and 
label are correlated, although the dose level of the LdCT can be any fraction of the normal-dose CT. We 
show below that the proposed Half2Half training can approach the loss function of using noise-free clean 
labels, but the half-to-full training cannot. 

Without loss of generality, let 𝑥 denote the noise-free data, 𝑥 + 𝑛1 and 𝑥 + 𝑛1 + 𝑛U be the normal-dose 
and low-dose data, respectively1, where 𝑛1 and 𝑛U denote noise in the normal-dose data and additional 
noise introduced to the low-dose data, respectively.  Both 𝑛1 and 𝑛U have zero mean and their covariances 
are Σ1 and ΣU, respectively. The desired mean-squared-error (MSE) loss function using the noise-free 
clean label is  

𝐿`(𝜃) = 𝐸(‖𝑓e(𝑥 + 𝑛1 + 𝑛U) − 𝑥‖>), (7) 

where 𝑓e(⋅) represents a neural network with parameters denoted by 𝜃 . The half-to-full training loss 
function is  

                                                             
1 Although in the count domain, normal-dose data and low-dose data are not on the same level, these notations can still be 
used after normalization by blank scans. 
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𝐿Y>\(𝜃) 											= 𝐸(‖𝑓e(𝑥 + 𝑛1 + 𝑛U) − (𝑥 + 𝑛1)‖>) 	
= 𝐸(‖𝑓e(𝑥 + 𝑛1 + 𝑛U)‖> − 2(𝑥 + 𝑛1)%𝑓e(𝑥 + 𝑛1 + 𝑛U) + ‖𝑥 + 𝑛1‖>)
= 𝐸(𝐸{(‖𝑓e(𝑥 + 𝑛1 + 𝑛U)‖> − 2(𝑥 + 𝑛1)%𝑓e(𝑥 + 𝑛1 + 𝑛U) + ‖𝑥 + 𝑛1‖>)|𝑛1 + 𝑛U})
= 𝐸(‖𝑓e(𝑥 + 𝑛1 + 𝑛U) − (𝑥 + 𝐸(𝑛1|𝑛1 + 𝑛U))‖>) + 𝑇𝑟(Σ1). 

The last term is independent of 𝜃 and does not affect the network training. The first term shows that the 
half-to-full loss function preserves part of the noise in the low-dose CT. To further illustrate this point, 
assuming 𝑛1 and 𝑛U	to be Gaussian and 𝐸(𝑛U𝑛1%) = 0, which are reasonable approximations in LdCT 
simulations, the conditional expectation is then given by  

𝐸(𝑛1|𝑛1 + 𝑛U) = Σ1(Σ1 + ΣU)3U(𝑛1 + 𝑛U), 

and the half-to-full training loss function becomes 

𝐿Y>\(𝜃) = 𝐸(‖𝑓e(𝑥 + 𝑛1 + 𝑛U) − (𝑥 + Σ1(Σ1 + ΣU)3U(𝑛1 + 𝑛U))‖>) + 𝑐𝑜𝑛𝑠𝑡. 

If we further assume that noise in LdCT and normal-dose CT have the same correlation, i.e., Σ1 = 𝜌(ΣU +
Σ1), then the half-to-full loss function reduces to  

𝐿Y>\(𝜃) = 𝐸(‖𝑓e(𝑥 + 𝑛1 + 𝑛U) − (𝑥 + 𝜌(𝑛1 + 𝑛U))‖>) + 𝑐𝑜𝑛𝑠𝑡 

Clearly the half-to-full training loss function 𝐿Y>\(𝜃)	does not converge to 𝐿`(𝜃). For half-dose LdCT 
scans, 𝜌 is roughly 0.5 in the count domain, although it can be lower in the image domain due to nonlinear 
operations in the reconstruction process. A numerical example is provided in Section 5 to illustrate the 
negative impact of the noise correlation. 

     In contrast, the half2half training loss function is  

𝐿Y>Y(𝜃) 											= 𝐸(‖𝑓e(𝑥 + 𝑛1 + 𝑛U) − (𝑥 + 𝑛1 − 𝑛U)‖>)
= 𝐸(‖𝑓e(𝑥 + 𝑛1 + 𝑛U) − (𝑥 + 𝐸(𝑛1 − 𝑛U|𝑛1 + 𝑛U))‖>) + 𝑐𝑜𝑛𝑠𝑡 

Because the half-half splitting process guarantees that the noises in the two halves, 𝑛1 − 𝑛U	and	𝑛1 + 𝑛U, 
are independent, the conditional expectation reduces to 

𝐸(𝑛1 − 𝑛U|𝑛1 + 𝑛U) = 𝐸(𝑛1 − 𝑛U) = 0. 

Therefore,  

𝐿Y>Y(𝜃) = 𝐸(‖𝑓e(𝑥 + 𝑛1 + 𝑛U) − 𝑥‖>) + 𝑐𝑜𝑛𝑠𝑡 = 𝐿`(𝜃) + 𝑐𝑜𝑛𝑠𝑡 

and the half2half training can approach the same solution as the clean-label training when the training 
sample size is sufficiently large.  
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3. EXPERIMENTAL EVALUATIONS 

3.1 Validation of the splitting process 

To evaluate the accuracy of the Half2Half splitting process, a shoulder phantom was scanned at 50 mAs 
and 100 mAs dose levels with the x-ray tube and detector remained stationary (the tube voltage was 80kV). 
Therefore, each scan has 1,200 repetitions of one projection view. Two simulated 50 mAs datasets were 
generated from the real 100 mAs scan using the Half2Half splitting model in (3)-(6) and the histogram of 
the value of selected pixels are compared with those from the real 50 mAs scan. We also examined the 
spatial correlation between pixels in the simulated and real 50 mAs scans. 

3.2 Half2Half training evaluation 

The workflow of the evaluation setup in this study is shown in Fig.1. Real HdCT scans were acquired 
from five subjects using Canon Aquilion ONE helical CT scanners with a tube voltage of 120 kV. They 
were acquired using high-dose levels and considered as noise-free reference data. The HdCT scans were 
split into three subsets: three subject scans were used for training, one subject scan used for validation, 
and the last one reserved for testing. Normal-dose data, which we normally acquire in routine scans, were 
simulated from these reference HdCT data using the Poisson + Gaussian	 model in (1). After that, half-
dose training data were generated by splitting the normal-dose data using the model in (3) – (6). The half-
dose data were used to training denoising neural networks in either the count domain or the image domain. 
For count-domain denoising, networks were trained using the count-domain data and denoised count data 
were then reconstructed and compared with reference HdCT images for evaluation. For image-domain 
denoising, reconstructed noisy images are used for network training and denoising. All test images were 
reconstructed using the cone-beam filtered backprojection (FDK) algorithm with a 512×512 matrix size 
and 500-mm FOV. The slice thickness is 0.5 mm. 

For comparison, we performed Noise2Noise training using i.i.d. data generated by the 
Poisson+Gaussian model in (1) at both half dose level and normal dose level. We refer to these network 
training as Ld2Ld. We also trained the network using the high-dose reference data as the label, which is 
referred to as Ld2Hd training. We compared the Half2Half training with Ld2Ld and Ld2Hd trainings at 
two groups of training dose levels: 

(1) Ld2Ld/Ld2Hd at half dose level: The target dose level is lower than the original normal dose level. 
This case is applicable to reduce the dose level of future CT scans. 

(2) Ld2Ld/Ld2Hd at normal dose level: The target dose level is similar to the original normal dose level. 
This case is applicable to enhance the image quality of existing normal-dose CT scans. 

More details of the dose level distributions are given below and listed in Table 1.  
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Training dataset: For each subject, three different dose levels were simulated, resulting in a total of 
nine scans in the training dataset. In the count-domain training, there were a total of 54,000 projections 
(896×80 each), but only half of them were used due to the limit of our computer memory. In the image 
domain training, there were a total of 5,175 image slices and all were used. The normal-dose training data 
had dose levels between 30.0 and 101.4 mAs and the half-dose training data were between 15.0 and 50.7 
mAs. A set of 30 mAs training pairs and their absolute differences of Half2Half, Ld2Ld and Ld2Hd are 
shown in the Fig. 2.  

Validation dataset: This dataset was only used for monitoring the training process to prevent over-
fitting and for tuning training parameters, e.g. learning rate, number of root features, etc. The dose levels 
were chosen to be close to the mean dose level of the training dataset. The dose level was around 70.0 
mAs for the normal-dose training and 35.0 mAs for the half-dose training. 

Test dataset: The simulated test dataset had six different dose levels, ranging from 17.5 to 140.0 mAs. 
The Mean Absolute Error (MAE), Signal-to-Noise Ratio (SNR) and Structural Similarity index (SSIM) 
(Wang et al 2004) were used to evaluate the performance of the denoised images from different trained 
networks. In addition to the simulation data, two real LdCT scans were acquired on the same CT scanner 
to test the network performances. The acquisition parameters were 120kV tube voltage, 1200 views per 
rotation, and helical pitch of 32.5 mm. The dose levels were 40.0 and 63.0 mAs, respectively. 

 

 

Fig. 1. The workflow of the Half2Half training. 

Training data LabelHalf2Half training

𝑷𝒉𝒂𝒍𝒇& half dose level count-domain projections

𝑷𝒉𝒂𝒍𝒇 = 𝑷𝒑𝒔𝒆𝒖𝒅𝒐.𝒉𝒂𝒍𝒇 −
𝟏
𝟐
𝝈𝒆𝟐 + 𝑮𝒂𝒖𝒔𝒔𝒊𝒂𝒏 𝟎,

𝟏
𝟐
𝝈𝒆𝟐

Reconstruction (optional)

𝑷𝒉𝒂𝒍𝒇& = (𝑷𝒏𝒐𝒓𝒎𝒂𝒍 + 𝝈𝒆𝟐 − 𝑷𝒑𝒔𝒆𝒖𝒅𝒐.𝒉𝒂𝒍𝒇) −
𝟏
𝟐
𝝈𝒆𝟐 + 𝑮𝒂𝒖𝒔𝒔𝒊𝒂𝒏 𝟎,

𝟏
𝟐
𝝈𝒆𝟐

𝑷𝒑𝒆𝒔𝒖𝒅𝒐.𝒉𝒂𝒍𝒇	~𝑩𝒊𝒏𝒐𝒎𝒊𝒂𝒍 𝑷𝒏𝒐𝒓𝒎𝒂𝒍 + 𝝈𝒆𝟐, 𝟎. 𝟓

𝑷𝒏𝒐𝒓𝒎𝒂𝒍, simulated normal dose scan, count-domain projections

𝑷𝒏𝒐𝒓𝒎𝒂𝒍	~	𝑷𝒐𝒊𝒔𝒔𝒐𝒏 𝑷𝒓𝒆𝒇/𝒂 + 𝑮𝒂𝒖𝒔𝒔𝒊𝒐𝒏{𝟎,𝝈𝒆𝟐}

𝑷𝒓𝒆𝒇, noise-free count-domain projections

𝑷𝒑𝒔𝒆𝒖𝒅𝒐.𝒉𝒂𝒍𝒇, pseudo half dose scan, count-domain projections

𝑷𝒉𝒂𝒍𝒇,	half dose level count-domain projections
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Fig. 2. Samples of 30 mAs training pairs used in (a) Half2Half training, (b) Ld2Ld training, and (c) 
Ld2Hd training. The left panel shows count domain projections and the right panel shows reconstructed 

images. 

 

 

Table 1. Dose levels of all the datasets. (Unit: mAs) 

 Half2Half 
at half dose level 

Ld2Ld/Ld2Hd 
at half dose level 

Ld2Ld/Ld2Hd 
at normal dose level 

Training dataset 
(Subjects 1,2,3) 15.0 ~ 50.7 15.0 ~ 50.7 30.0 ~ 101.4 

Validation dataset 
(Subject 4) 35.0 35.0 70.0 

Simulated test dataset 
(Subject 5) 17.5, 35.0, 52.5 70.0, 105.0 and 140.0 

Real LdCT test dataset 
(Subjects 6,7) 40.0 and 63.0  

 

  

(a) Half2Half Training

(b) Ld2Ld Training
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(c) Ld2Hd Training
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Slice
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3.3 Experimental network 

3.3.1 Network architecture 
The main purpose of this work is the demonstrate the performance of Half2Half training, so we adopted 

a commonly used U-Net structure (Ronneberger et al 2015, Jin et al 2017) that has an encoder-decoder 
architecture. The network consists of a series convolution, down-sampling, and up-sampling layers with 
skip connections as shown in Fig. 3.  The kernel size is 3×3 in all convolutional layers except in the last 
one, where the kernel size is 1×1. The root filter number is 64 and the number is doubled after each down-
sampling process. Batch Normalization (BN) (Ioffe and Szegedy 2015) and Rectified Linear Units (ReLU) 
(Nair and Hinton 2010) are used after each convolutional layer. This modified U-Net has only two down-
sampling and up-sampling layers (depth-3). The network input has three channels (the central 
projection/slice plus two adjacent projections/slices). For the count-domain denoising, the input size is 
896×80×3 and for the image-domain denoising, the input size is 512×512×3. While this network is 
relatively compact, it achieved similar performance to a deeper U-Net in our previous study (Yuan et al 
2019b). 

 

Fig. 3. The architecture of the network for Half2Half denoising. 

3.3.2 Network training 
We used the MAE loss function (Jain and Seung 2009, Zhao et al 2016) instead of the MSE loss for 

two reasons. (i) It has been shown empirically that the MAE loss performed better than the MSE loss in 
Noise2Noise training with a limited number of training samples (Lehtinen et al 2018). The theoretical 
analysis in Section 2.3 was based on large number of samples (N→∞). When the sample number is 

limited, MAE is expected to be more robust to outliers. (ii) It is also our goal to demonstrate experimentally 
that the Half2Half training works for the MAE loss, in addition to the MSE loss that we proved 
theoretically in Section 2.3. Let 𝑓e  denote a deep neural network with parameters 𝜃. The count-domain 
Half2Half training tries to find 𝜃 that minimizes the following loss function 

𝐸 st𝑓e O𝑃
I#>⋅%JP − 𝑃I

#
>⋅%J

Q

t
U
u (8) 

For image-domain training, the objective function is the difference between two FDK reconstructed 
images 

Conv 3x3, BN, ReLU Conv 3x3 stride (2, 2), BN, ReLU

Conv 3x3, BN, ReLU

Up-Sampling, Conv 3x3, BN, ReLU Conv 3x3, BN, ReLU

Conv 1x1, output channel to 1



Yuan et al  

 11  
 

𝐸 st𝑓e s𝐹𝐷𝐾O𝑃
I#>⋅%JPu − 𝐹𝐷𝐾s𝑃I

#
>⋅%J

Q

ut
U
u (9) 

The networks were implemented using Tensorflow (Martín Abadi et al 2015) 1.8.0 and Keras (Chollet 
and others 2015) 2.2.4 and trained using an NVIDIA GeForce GTX 1080Ti GPU. For each training, the 
adaptive moment estimation (ADAM) algorithm (Kingma and Ba 2014) was used as the optimizer. The 
initial learning rate was 0.001, which was then adaptively reduced by 80% once the training loss stopped 
reducing for 20 epochs. No apparent over-fitting was observed from the validation loss curve, so the 
number of total epochs in each training was fixed to 1000 for easy comparisons.  

4. RESULTS 

4.1 Validation of the splitting process 

4.1.1 Histograms of Half2Half data 

Representative real and split projections and a high-dose reconstructed slice of shoulder phantom are 
shown in Fig. 4. We compared the histogram of the real 50mAs scans and simulated 50mAs scans for a 
number of selected pixels. The flow chart is shown in Fig. 5. To increase the number of samples, we 
grouped detector pixels with a similar mean value together. A range of 𝑎 = 5 × 103{ × (max − min) was 
used, where max and min are the maximum and minimum pixel values in the projection.  Fig. 6 (a-i) 
compare the histograms of real 50mAs scans (purple curves) and simulated 50mAs scans generated by the 
splitting process (blue and orange curves). The solid curves denote the raw histograms and the dashed 
ones are fitted curves. The weighting factor 𝜔 represents the ratio between the mean of the pixel counts 
and the mean of the whole projection and was chosen from 0.2 to 1.8.  The results show that the splitting 
process produces half-dose data with histograms matching well with those of real low-dose scans. 

 

Fig. 4. The shoulder phantom data. (a) a real 50 mAs projection, (b) and (c) simulated 50 mAs 
projections using model in (3)-(6) from (d) a real 100 mAs projection. The projections are shown in the 

inverse gray scale for better visualization. (e) A slice of high-dose reconstructed shoulder phantom. 

(a) Real 50 mAs scan 

(d) Real 100 mAs scan 

(b) Half of 100 mAs scan #1 

(c) Half of 100 mAs scan #2 

(e) normal-dose reconstructed phantom
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Fig. 5. The workflow of sampling pixels and drawing histograms 

 

 

Fig. 6. The histograms of the data generated from Half2Half splitting model and real low-dose scan. 

 

4.1.2 Noise correlation between neighbouring pixels 
It was reported that noise of two neighbouring pixels can be correlated due to the crosstalk (Elhamiasl 

and Nuyts 2019). The splitting process reduces the spatial correlation and may cause non-negligible errors. 
We calculated the noise correlation coefficient between neighbouring pixels in the real 50mAs and 

Real 100 mAs

Half of 100 mAs #2Half of 100 mAs #1

Thinning Process

S
S

Location Map

Averaged 50 mAs

Real 50 mAs

Average

Find pixels value in 
range 𝑣	 ± 	𝑎

S

S Sampling

One projection

A set of 1200 projections

𝑣 =	𝜔	×mean
𝑎 = 5 × 10/0 × (max-min)

(a) 𝝎 = 𝟎. 𝟐 (b) 𝝎 = 𝟎. 𝟒 (c) 𝝎 = 𝟎. 𝟔

(d) 𝝎 = 𝟎. 𝟖 (e) 𝝎 = 1.0 (f) 𝝎 = 𝟏. 𝟐

(g) 𝝎 = 𝟏. 𝟒 (h) 𝝎 = 𝟏. 𝟔 (i) 𝝎 = 𝟏. 𝟖
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simulated 50mAs datasets and the results are shown in Table 2. Although the correlation coefficients of 
Half2Half dataset are indeed less than that of the real 50 mAs scan, all the coefficients in our data are close 
to zero and small enough to be ignored. Therefore, no compensation for the spatial correlation is needed 
in the splitting process. 

Table 2. Averaged neighbouring noise correlation coefficient in three datasets 

Dataset Neighbouring noise correlation coefficients 

Real 50 mAs scan 0.0202 

Half of 100 mAs scan #1 0.0085 

Half of 100 mAs scan #2 0.0085 

 

4.2 Quantitative comparison on simulated test dataset 

4.2.1 Count-domain denoising results 
All the denoised count-domain projections were reconstructed by the FDK algorithm. Representative 

transaxial and sagittal slices of denoised images from the simulated testing dataset for three dose levels 
are shown in Fig. 7. The display window is W=400HU, L=40HU. MAE, SNR and SSIM of each image 
volume are listed at the bottom of each panel. All the denoising methods offered substantial SNR and 
SSIM gains over the inputs. The MAE, SNR and SSIM of the complete test dataset are listed in the Table 
3.  

Comparing with Ld2Ld and Ld2Hd training at the half-dose level, Half2Half training provided results 
very similar to the Ld2Ld and Ld2Hd training in terms of MAE, SNR and SSIM. The 95% confidence 
intervals of the expected differences between the Half2Half and Ld2Ld are	Δ𝑀𝐴𝐸 = [0.09, 0.12]HU, 
Δ𝑆𝑁𝑅 = [−0.002, 0.004]dB, Δ𝑆𝑆𝐼𝑀 = [−0.0009,−0.0011] , which are negligible for any practical 
applications. Comparing with Ld2Ld and Ld2Hd training at the normal-dose level, Half2Half training 
only performed slightly worse (Δ𝑀𝐴𝐸 = 0.24HU) at the highest dose level of the test data (140.0 mAs) 
because the dose level was outside the range of the training data. For the same reason, at the lowest dose 
level (17.5 mAs), normal-dose Ld2Ld and Ld2Hd could not suppress the streaky artifacts effectively and 
have worse performance than the Half2Half training result. 

4.2.2 Image-domain denoising results 
Image-domain denoised images are shown in the Fig. 8. The display windows are the same as those 

used in Fig. 7. The trend is similar to the count-domain results. Except at the lowest dose level (17.5 mAs), 
all the methods suppressed noise and removed streaky artifacts. At 17.5 mAs dose level, neither the 
Half2Half training nor the Ld2Ld training perform well, due to the intrinsic bias at this low dose level 
caused by the log transform used to convert the measurements to line integrals. Even in this case, 
Half2Half method achieved results close to that of Ld2Ld at half-dose level in terms of visual image 
quality and numerical metrics.  
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The MAE, SNR and SSIM of the complete test dataset are listed in the Table 4. The 95% confidence 
intervals of the expected differences between the Half2Half and Ld2Ld at half-dose level are	Δ𝑀𝐴𝐸 =
[0.02,0.11]HU, Δ𝑆𝑁𝑅 = [0.012,0.025]dB, Δ𝑆𝑆𝐼𝑀 = [−0.0005,−0.0006]. Comparing with the results 
of the Ld2Ld and Ld2Hd training at normal-dose level, the same trend held true as in the count-domain 
training with Half2Half training performing slightly worse at the two highest test dose levels. 

4.3 Results of real low-dose test dataset 

Representative slices (two transaxial slices and one sagittal slice) are shown in Fig. 9. The display 
windows are the same as those used in Fig. 7. All the methods generated cleaner images than the inputs. 
In both count domain and image domain, the proposed Half2Half method produced very similar images 
and textures to the Ld2Ld and Ld2Hd training. No quantitative comparison was performed because there 
was no ground truth image. 

 

Table 3. Quantitative comparison of different count-domain methods on simulated test dataset. The 
mean and standard deviation are computed across 362 test image slices.  

 17.5 mAs 35.0 mAs 52.5 mAs 70.0 mAs 105.0 mAs 140.0 mAs 
Input 

MAE (HU) 342.80 ± 120.89 121.43 ± 40.22 70.20 ± 18.36 53.41 ± 12.43 39.51 ± 8.51 32.65 ± 6.79 
SNR (dB) 7.72 ± 4.64 13.52 ± 4.00 21.16 ± 2.95 23.51 ± 2.56 26.11 ± 2.32 27.75 ± 2.22 

SSIM 0.14 ± 0.15 0.39 ± 0.16 0.49 ± 0.11 0.68 ± 0.09 0.78 ± 0.06 0.83 ± 0.05 
Half2Half training (15.0 ~ 50.7 mAs) 

MAE (HU) 32.17 ± 5.00 27.64 ± 4.48 25.55 ± 4.32 24.08 ± 4.16 22.06 ± 3.90 20.74 ± 3.71 
SNR (dB) 27.12 ± 1.51 28.65 ± 1.64 29.48 ± 1.72 30.08 ± 1.76 30.94 ± 1.80 31.52 ± 1.82 

SSIM 0.84 ± 0.04 0.87 ± 0.03 0.88 ± 0.03 0.89 ± 0.03 0.91 ± 0.03 0.91 ± 0.02 
Ld2Ld training at half-dose level (15.0 ~ 50.7 mAs) 

MAE (HU) 31.44 ± 4.85 27.49 ± 4.49 25.54 ± 4.33 24.15 ± 4.18 22.16 ± 3.92 20.82 ± 3.72 
SNR (dB) 27.26 ± 1.50 28.68 ± 1.64 29.46 ± 1.71 30.03 ± 1.75 30.88 ± 1.80 31.48 ± 1.82 

SSIM 0.84 ± 0.04 0.87 ± 0.03 0.88 ± 0.03 0.89 ± 0.03 0.90 ± 0.03 0.91 ± 0.02 
Ld2Ld training at normal-dose level (30.0 ~ 101.4 mAs) 

MAE (HU) 46.12 ± 11.65 28.76 ± 4.85 25.77 ± 4.27 24.21 ± 4.10 22.09 ± 3.85 20.50 ± 3.60 
SNR (dB) 24.53 ± 2.54 28.41 ± 1.62 29.40 ± 1.63 30.00 ± 1.69 30.91 ± 1.76 31.61 ± 1.78 

SSIM 0.74 ± 0.08 0.86 ± 0.04 0.88 ± 0.03 0.89 ± 0.03 0.91 ± 0.03 0.92 ± 0.02 
Ld2Hd training at half-dose level (15.0 ~ 50.7 mAs) 

MAE (HU) 31.07 ± 4.81 27.34 ± 4.51 25.43 ± 4.35 24.03 ± 4.18 22.00 ± 3.90 20.66 ± 3.69 
SNR (dB) 27.36 ± 1.52 28.73 ± 1.66 29.52 ± 1.73 30.10 ± 1.77 30.96 ± 1.80 31.55 ± 1.81 

SSIM 0.84 ± 0.04 0.87 ± 0.03 0.88 ± 0.03 0.89 ± 0.03 0.91 ± 0.03 0.91 ± 0.02 
Ld2Hd training at normal-dose level (30.0 ~ 101.4 mAs) 

MAE (HU) 38.08 ± 7.51 28.44 ± 4.69 25.73 ± 4.30 24.18 ± 4.13 22.09 ± 3.89 20.50 ± 3.64 
SNR (dB) 25.87 ± 1.92 28.45 ± 1.61 29.39 ± 1.67 30.00 ± 1.72 30.90 ± 1.78 31.61 ± 1.80 

SSIM 0.80 ± 0.06 0.86 ± 0.04 0.88 ± 0.03 0.89 ± 0.03 0.91 ± 0.03 0.92 ± 0.02 
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Fig. 7. Count-domain denoised results of the simulated test data. The orange box in each panel shows the 
enlarged orange region and the red box shows the absolute differences between the prediction and 

reference in the orange region. All difference images are shown in the same gray scale.  
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MAE: 38.08, SNR: 25.87, SSIM: 0.80 MAE: 28.44, SNR: 28.45, SSIM: 0.86 MAE: 24.18, SNR: 30.00, SSIM: 0.89

MAE: 31.07, SNR: 27.36, SSIM: 0.85 MAE: 27.34, SNR: 28.73, SSIM: 0.87 MAE: 24.03, SNR: 30.10, SSIM: 0.89

MAE: 46.12, SNR: 24.53, SSIM: 0.74 MAE: 28.76, SNR: 28.41, SSIM: 0.86 MAE: 24.21, SNR: 30.01, SSIM: 0.89

MAE: 31.45, SNR: 27.26, SSIM: 0.84 MAE: 27.49, SNR: 28.68, SSIM: 0.87 MAE: 24.15, SNR: 30.03, SSIM: 0.89

MAE: 32.17, SNR: 27.12, SSIM: 0.84 MAE: 27.64, SNR: 28.65, SSIM: 0.87 MAE: 24.08, SNR: 30.08, SSIM: 0.89

17.5 mAs 35.0 mAs 70.0 mAs

MAE: 342.80, SNR: 7.72, SSIM: 0.14 MAE: 121.43, SNR: 16.52, SSIM: 0.39 MAE: 53.41, SNR: 23.51, SSIM: 0.68



Yuan et al  

 16  
 

 

 

 

Fig. 8. Image-domain denoised results of the simulated test data. The blue box in each panel shows the 
enlarged blue region and the red box shows the absolute differences between the prediction and 

reference in the blue region. All difference images are shown in the same gray scale.  
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Table 4. Quantitative comparison of different image-domain methods on simulated test dataset. The 
mean and standard deviation are computed across 362 test image slices. 

 17.5 mAs 35.0 mAs 52.5 mAs 70.0 mAs 105.0 mAs 140.0 mAs 
Input 

MAE (HU) 342.80 ± 120.89 121.43 ± 40.22 70.20 ± 18.36 53.41 ± 12.43 39.51 ± 8.51 32.65 ± 6.79 
SNR (dB) 7.72 ± 4.64 13.52 ± 4.00 21.16 ± 2.95 23.51 ± 2.56 26.11 ± 2.32 27.75 ± 2.22 

SSIM 0.14 ± 0.15 0.39 ± 0.16 0.49 ± 0.11 0.68 ± 0.09 0.78 ± 0.06 0.83 ± 0.05 
Half2Half training (15.0 ~ 50.7 mAs) 

MAE (HU) 74.77 ± 38.07 28.44 ± 5.63 24.57 ± 4.33 23.01 ± 3.93 21.48 ± 3.56 20.73 ± 3.37 
SNR (dB) 19.52 ± 5.84 28.58 ± 2.14 30.03 ± 1.79 30.63 ± 1.70 31.25 ± 1.64 31.56 ± 1.59 

SSIM 0.72 ± 0.14 0.87 ± 0.04 0.89 ± 0.03 0.90 ± 0.03 0.91 ± 0.03 0.91 ± 0.02 
Ld2Ld training at half-dose level (15.0 ~ 50.7 mAs) 

MAE (HU) 73.88 ± 29.80 28.49 ± 5.49 24.69 ± 4.29 23.14 ± 3.93 21.59 ± 3.57 20.80 ± 3.38 
SNR (dB) 19.62 ± 5.24 28.55 ± 2.08 29.98 ± 1.77 30.58 ± 1.70 31.20 ± 1.64 31.53 ± 1.59 

SSIM 0.72 ± 0.12 0.87 ± 0.04 0.89 ± 0.03 0.90 ± 0.03 0.91 ± 0.03 0.91 ± 0.02 
Ld2Ld training at normal-dose level (30.0 ~ 101.4 mAs) 

MAE (HU) 162.65 ± 73.07 33.16 ± 9.25 24.79 ± 4.25 23.14 ± 4.00 21.06 ± 3.76 19.68 ± 3.51 
SNR (dB) 14.20 ± 6.63 27.02 ± 3.24 29.96 ± 1.77 30.62 ± 1.77 31.47 ± 1.82 32.06 ± 1.81 

SSIM 0.47 ± 0.21 0.84 ± 0.05 0.88 ± 0.03 0.89 ± 0.03 0.91 ± 0.03 0.92 ± 0.02 
Ld2Hd training at half-dose level (15.0 ~ 50.7 mAs) 

MAE (HU) 35.57 ± 7.67 26.46 ± 4.58 24.25 ± 4.15 22.86 ± 3.79 21.42 ± 3.42 20.73 ± 3.26 
SNR (dB) 26.51 ± 2.23 29.30 ± 1.79 30.16 ± 1.73 30.69 ± 1.65 31.27 ± 1.58 31.56 ± 1.54 

SSIM 0.84 ± 0.04 0.87 ± 0.03 0.89 ± 0.03 0.90 ± 0.03 0.91 ± 0.03 0.92 ± 0.02 
Ld2Hd training at normal-dose level (30.0 ~ 101.4 mAs) 

MAE (HU) 50.56 ± 14.58 27.45 ± 4.61 24.75 ± 3.96 23.49 ± 4.01 21.29 ± 3.82 19.66 ± 3.51 
SNR (dB) 23.87 ± 3.12 28.95 ± 1.75 29.98 ± 1.64 30.49 ± 1.75 31.38 ± 1.84 32.08 ± 1.82 

SSIM 0.78 ± 0.07 0.87 ± 0.03 0.88 ± 0.03 0.89 ± 0.03 0.91 ± 0.03 0.92 ± 0.02 
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Fig. 9. Denoised results of the real low-dose test data. 

5. DISCUSSIONS 

Deep neural networks have been widely applied in LdCT denoising and produced promising results, 
but they are hampered by the requirement of high-quality reference data for training. To overcome this 
limitation, we propose a novel method to generate both the training input and label from the existing data 
and thereby eliminated the needs of high-quality reference. In this study we use a splitting process to split 
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the measurement in each detector pixel into two independent measurements. Care has been taken to restore 
the Gaussian noise in the split datasets so that the distribution of two half datasets matches that of real CT 
data acquired at 1/2 dose level. The split data were used to train networks using the Noise2Noise training. 
By including CT data at a range of dose levels in the training data, the robustness of the neural networks 
is enhanced and the trained neural networks can be used to remove noise in existing CT images and to 
improve the CT image quality. Actually, the dose level of split data is not limited to half and half. By 
adjusting the binomial rate in (3), we can split one scan to any ratio (e.g., 1/3 + 2/3 or 2/5 + 3/5) to meet 
specific application requirements. We can use one dataset as the input and the other dataset as the label as 
the theoretical analysis in Section 2.3 only requires the noise in the input and label to be independent and 
zero mean. Identical distribution is only a by-product of the half-half splitting, not a prerequisite for 
network training. Also by applying the splitting procedure recursively, one scan can be split into three or 
more independent data sets. Comparing with other supervised training method, this Half2Half method 
allows us to use the large existing datasets to generate training dataset to further improve the neural 
network performance for CT image denoising. We expect this method can facilitate the application of 
advanced deep learning techniques to improve the quality of LdCT in clinic. 

The network structure used in this study is a modified U-net structure, which includes only two down-
sampling and two up-sampling paths. The structure of the network can be changed to any other supervised 
networks that may have better performance on a specific task. Three-dimensional convolutions can also 
be employed instead of 2D convolutions used in this paper. The only setting that needs attention is the 
loss function, which should meet the requirements of Noise2Noise training (Lehtinen et al 2018). As a 
result, GANs cannot be used, as the adversarial networks could be seen as a trainable loss function and 
GANs will try to predict the noise- or artifact-like textures and structures (Liang et al 2019). Noise2Noise 
training also requires the noise in the two data sets to be independent and having zero mean. A more formal 
condition in the form of conditional expectation is given by Wu et al (Wu et al 2019). Therefore, any 
image artifacts that cannot be removed by ensemble averaging cannot be reduced by Noise2Noise training. 
This is reflected in the case of image-domain denoising at 17.5 mAs dose level in Figure 8. At this dose 
level, the reconstructed images are biased due to the log transform used to convert the measurements to 
line integrals, so both Ld2Ld training and Half2Half training performed much worse than Ld2Hd training, 
but their relative performances are still very close.  

The data requirement of the proposed method is the same as self-supervised or unsupervised training 
because we do not use any other independent data as reference. There are two Noise2Noise based self-
supervised methods that have been proposed recently, namely Noise2Void (Krull et al 2019) and 
Noise2Self (Batson and Royer 2019), but they are limited to removing spatially independent noise. Streaky 
artifacts in CT images have long-range correlation and cannot be removed by these two methods. To 
demonstrate this, we applied Noise2Void and Noise2Self denoising networks to our simulation data and 
the results of the test data are shown in the Fig. 10. The MAE, SNR and SSIM of each image are listed at 
the bottom of each panel. The display windows are the same as those used in Fig. 7. While these two 
methods could suppress the noise in the count domain, the resultant images were blurrier than the 
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Half2Half results and the image quality was also worse in terms of MAE, SNR and SSIM. In the image 
domain, neither Noise2Void nor Noise2Self could suppress the streaky artifacts. In comparison, our 
proposed method can help restored more details in the count-domain denoising and removed streaky 
artifacts in the image-domain denoising.  

 

Fig. 10. Denoised results of Noise2Void and Noise2Self. 

The key part of the proposed method is to split one CT dataset into two independent half-dose datasets. 
It is of importance that the two datasets are generated using equations (3) and (4) given in Section 2.1 to 
avoid correlation between the two half-dose scans. If we just perform the thinning process in (3) twice and 
use one thinning dataset as training input and the other thinning dataset as training label (Thin2Thin), there 
would be high correlation between the input and label, which violates the assumption of Noise2Noise 
training.  Table 5 compares the correlation coefficient of the Half2Half and Thin2Thin datasets. As expect 
the Thin2Thin data have a correlation efficient close to 0.5. To demonstrate the negative impact of the 
noise correlation, we trained the same network in the image domain using the Thin2Thin model as well 
as the Half2Full model discussed in Section 2.3. Denoised test images are compared in Fig. 11. Both the 
Half2Full and Thin2Thin models performed substantially worse than the Half2Half due to the noise 
correlation between the inputs and their corresponding labels. Quantitatively, the Half2Half training 
improved the SNR by 3.01 dB and 3.44 dB over the Half2Full and Thin2Thin trainings, respectively. This 
clearly shows the advantage of the proposed Half2Half method. 
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Table 5. Noise cross-correlation coefficient between training data and label of the Half2Half and 
Thin2Thin. 

 Simulated  
Dose Level 

Cross-Correlation Coefficient 
Between Half2Half Pairs 

Cross-Correlation Coefficient 
Between Thin2Thin Pairs 

Subject 1 

15.9 mAs 6.31 × 103{ 4.82 × 103U 

31.8 mAs 5.07 × 103{ 4.91 × 103U 

47.7 mAs 4.85 × 103{ 4.94 × 103U 

Subject 2 

15.0 mAs 4.10 × 103{ 4.81 × 103U 

30.0 mAs 4.38 × 103{ 4.90 × 103U 

45.0 mAs 3.05 × 103{ 4.94 × 103U 

Subject 3 

16.9 mAs 4.61 × 103{ 4.78 × 103U 

33.8 mAs 2.27 × 103{ 4.88 × 103U 

50.7 mAs 4.10 × 103{ 4.89 × 103U 

 

 

 

Fig. 11. Comparison of denoised images of Half2Half, Half2Full, and Thin2Thin trainings.  

6. CONCLUSIONS 

In this study, we proposed a Half2Half method to train an LdCT denoising network without requiring 
high-dose CT scans or repeated scans of the same subject. This allows us to use a large existing dataset to 
improve the network performance. The method is expected to facilitate the application of advanced deep 
learning techniques to improve the quality of LdCT in clinic. 
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