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ABSTRACT 

Purpose 

Synthetic digital mammogram (SDM) is a 2D image generated from digital breast tomosynthesis 

(DBT) and used as a substitute for a full-field digital mammogram (FFDM) to reduce the radiation 

dose for breast cancer screening. The previous deep learning-based method used FFDM images as 

the ground truth, and trained a single neural network to directly generate SDM images with similar 

appearances (e.g., intensity distribution, textures) to the FFDM images. However, FFDM image has a 

different texture pattern from DBT. The difference of texture pattern might make the training of the 

neural network unstable and result in high intensity distortion, which make it hard to decrease 

intensity distortion and increase perceptual similarity (e.g., generate similar textures) at the same 

time. Clinically, radiologists want to have a 2D synthesized image that feels like a FFDM image in 

vision and preserves local structures such as both mass and MCs in DBT because radiologists have 

been trained on reading FFDM images for a long time, while local structures are important for 

diagnosis. In this study, we proposed to use a deep convolutional neural network (DCNN) to learn 

the transformation to generate SDM from DBT. 

 

Method 

To decrease intensity distortion and increase perceptual similarity, a multi-scale cascaded networks 

(MSCN) is proposed to generate low-frequency structures (e.g., intensity distribution) and 

high-frequency structures (e.g., textures) separately. The MSCN consist of two cascaded 
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sub-networks: the first sub-network is used to predict the low-frequency part of the FFDM image; 

the second sub-network is used to generate full SDM image with textures similar to the FFDM image 

based on the prediction of the first sub-network. The mean-squared error (MSE) objective function is 

used to train the first sub-network, termed low-frequency network, to generate low-frequency SDM 

image. The gradient guided generative adversarial networks (GGGAN) objective function is used to 

train the second sub-network, termed high-frequency network, to generate full SDM image with 

textures similar to the FFDM image. 

 

Results 

1646 cases with FFDM and DBT were retrospectively collected from the Hologic Selenia system for 

training and validation dataset, and 145 cases with masses or microcalcification (MC) clusters were 

independently collected from the Hologic Selenia system for testing dataset. For comparison, the 

baseline network has the same architecture as the high-frequency network and directly generate full 

SDM image. Compared to the baseline method, the proposed MSCN improves the peak-to-noise 

ratio (PSNR) from 25.3dB to 27.9dB and improves the structural similarity (SSIM) from 0.703 to 

0.724, and significantly increases the perceptual similarity. 

 

Conclusions 

The proposed method can stabilize the training and generate SDM images with lower intensity 

distortion and higher perceptual similarity. 
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1. INTRODUCTION 

A Full-field digital mammogram (FFDM) is a widely used technique for breast cancer 

screening. However, FFDM suffers from overlapping tissue problems. Digital breast tomosynthesis 

(DBT), which is a 3D volume reconstructed from a series of low-dose projection images in a limited 

angle range, is used to address the overlapping tissue issue in FFDM. Large-scale studies have shown 

that using an additional DBT volume has higher accuracy in breast cancer detection1. However, using 

both DBT and FFDM for screening approximately doubles the radiation dose compared to FFDM 

alone2. However, to reduce the radiation dose, generating a synthetic digital mammogram (SDM) 

image from DBT and replacing FFDM with SDM is one possible solution. 

Most of the previous studies on SDM solution development focused on using handcrafted 

features extracted from the DBT volume. Some of these studies used an edge-detection filter, 

gradient information, or a computer-aided detection (CAD) system to detect conspicuous points in 

DBT volume and combine them into a 2D image as the SDM3–5. These methods only used a part of 

the information in DBT to generate SDM images and might miss textural abnormalities. Another 

study required additional projection data to construct an SDM with enhanced MCs, while the 

conspicuity of masses on SDM was degraded6. There are several FDA-approved commercial SDM 
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systems, such as the Hologic C-view, GE V-Preview, Siemens Insight, and Fujifilm S-View. The C-view 

image is created by re-projecting and filtering the central projection data and/or the stack of 

reconstructed DBT slices7. The image has an intrinsically different appearance and low overall 

resolution and noise properties compared to FFDM image8,9. Clinical studies have shown that C-view 

+ DBT have the performance similar to that of standard FFDM + DBT27,28,39. Intelligent 2D was newly 

developed by Hologic to further improve the performance of C-view. However, the enhancement 

may result in false positives due to pseudo-calcifications29,35,36. Besides, the C-view image provides 

poor overall resolution and noise properties compared to FFDM image30,31,40,41. More importantly, 

large-scale clinical studies reported that more breasts’ density are categorized as non-dense than 

dense when using C-view + DBT compared to using FFDM + DBT32,33,37,38, probably due to inherently 

different visual appearance between the C-view image and FFDM image. Since breast density has 

both imaging and risk implications34 and is an important component of mammography reports and 

BI-RADS category classification, the C-view image may result in an inconsistent mammography 

report to FFDM image and unreliable risk assessment, which increase the recall of patients. 

Deep learning has become a widely used solution for image-to-image translation10–12. Recent 

studies13,14 proposed using gradient-guided generative adversarial networks (GGGAN) as the 

objective function for training a single deep convolutional neural network (DCNN) to directly 

generate an SDM image from the DBT volume. In GGGAN, a discriminator network using gradient 

maps as additional inputs are trained to distinguish between the generated images and ground-truth 

images. The generator network is trained to minimize the objective function based on the 
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discriminator network to generate images with similar appearances and textures to the ground-truth 

FFDM image. The GGGAN was designed to maintain high-frequency structures, such as 

microcalcifications (MCs) in FFDM images. Other image-to-image regression objective functions, 

which are based on full-reference distortion measures15, such as mean-square error (MSE) and 

perceptual loss16, can decrease the intensity distortion between the generated images and the 

ground truth. It has been shown in low-dose CT denoising tasks17 that combining MSE with 

generative adversarial networks (GAN)18 has a lower intensity distortion compared to using GAN 

only. Thus, by combining GGGAN with MSE and perceptual loss, we might generate SDM images 

with high-frequency structures (such as textures) and low-frequency structures (such as intensity 

distribution) similar to FFDM images. 

However, FFDM has a different texture pattern from DBT because of the different radiation 

doses and detectors used in FFDM and DBT acquisition and different post-processing techniques 

applied on acquired FFDM images and DBT volumes19. While using the FFDM image as the target, the 

difference in texture pattern might make the training of the DCNN unstable and result in high 

intensity distortion, which makes it difficult to decrease intensity distortion and increase perceptual 

similarity (e.g., generate similar textures) simultaneously.  

For FFDM, images contains low-frequency components such as mass and tissue background, 

and high-frequency components such as calcifications and edges. Low-frequency components 

preserve intensity distribution and high-frequency components represent texture pattern. To 

overcome the above high intensity distortion, we propose to apply two neural networks to generate 
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low-frequency component and full image individually. Low-frequency component is generated first 

and then when full image is generated to reproduce texture pattern, a specific penalty is applied to 

force the previously generated low-frequency component is preserved. 

In this study, we proposed a multi-scale cascaded networks (MSCN) that comprises two 

subnetworks to decrease intensity distortion and increase perceptual similarity. The first 

sub-network is trained to predict the low-frequency part (i.e., intensity distribution) of the FFDM 

image. Thus, the first subnetwork is called the low-frequency network. U-net10 is used for the 

network architecture, and MSE is used as the objective function to the decrease intensity distortion. 

U-net is widely used in image-to-image translation task11. The second subnetwork is trained to 

generate a full SDM image with high-frequency structures (e.g., textures) similar to the FFDM image 

based on the prediction of the first subnetwork, and it is called the high-frequency network. A 

state-of-the-art network architecture in the image super-resolution task called residual-in-residual 

dense block (RRDB)12 network is used for network architecture. The residual connections and dense 

connections in the RRDB network lead to the effective fusion of global and local features which can 

recover more sharp edges and finer details. GGGAN is used as the objective function to preserve the 

high-frequency structures and textures. 

In the experiments, a single RRDB network that directly generated full SDM images was used 

as the baseline to show the performance gain of the proposed MSCN. The baseline network used the 

same network architecture and objective function as the high-frequency network in the MSCN. the 

peak-to-noise ratio (PSNR) and structural similarity (SSIM) were used to measure the intensity 
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distortion between the generated SDM images and the ground-truth FFDM images. The learned 

perceptual image patch similarity (LPIPS)20, which correlates well with human perceptual similarity 

judgments, was used to measure the perceptual similarity of the generated SDM images. In addition, 

a mass segmentation task was used to measure the ability of the proposed method to preserve the 

mass. 

2. MATERIALS & METHODS 

2.A Data 

We retrospectively collected 1646 cases (1019 cases were normal and 627 cases were 

tumorous) with FFDM and DBT for the training and validation datasets. The distribution of the 

tumorous cases is shown in Table 1. Fifty normal cases and 31 tumorous cases were randomly 

selected for validation, and the validation dataset was only used for hyperparameter selection. We 

set normal cases as blank group and cancer cases as control group. The blank group has 42 cases in 

BI-RADS breast density type A, 114 cases in type B, 756 cases in type C, and 107 cases in type D. The 

control group has 24 cases in BI-RADS breast density type A, 98 cases in type B, 448 cases in type C, 

and 57 cases in type D. Overall, the dense type of breasts for the largest proportion (84.69%) in the 

blank group, and the same as in the control group is 80.54%. The average age of the blank group is 

46.9 ± 9.67 year ‘s old. And the control group is 51.1 ± 9.06 year ‘s old. We independently collected 

145 cases with masses or MC clusters for testing. The masks of 239 masses in the 145 cases were 

manually annotated by a radiologist and used for mass quality evaluation. All the data were 

collected from the Hologic Selenia System. The slices of DBT volumes were resized to have the same 

pixel spacing as the FFDM image, and DBT volumes were padded with all zero slices on one side until 
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each DBT had 96 slices. The gray level of the DBT volume is 10-bit, i.e., ranging from 0 to 1023, and 

the gray level of the FFDM image is 12-bit, i.e., ranging from 0 to 4095. The gray level of both DBT 

and FFDM images were rescaled to between -1 and 1 using a linear transformation. 

Table 1 The distribution of the 627 tumorous cases’ features 

 

2.B Multi-scale cascaded networks 

In the proposed MSCN, we first trained the first subnetwork, which is denoted by the 

low-frequency network LG , to generate low-frequency SDM. The low-frequency part of the FFDM 

images was extracted from the FFDM images and used as the ground truth to train the network LG

. We proposed an image processing operator, denoted by  , to extract the low-frequency part of 

the FFDM image. A low-frequency FFDM image, denoted by L

DI , is extracted by 

    ,DD

L

D III    (1) 

where DI  is the original FFDM image,   is a Gaussian smoothing operator (Gaussian kernel 

with a mean of 0 and a standard deviation of 1) followed by a bilinear down-sample with a factor of 

2. An example of low-frequency FFDM image is shown in Figure 1. Given a trained low-frequency 

network 
LG , the low-frequency SDM is generated by 

 ,T

LL

S IGI   (2) 

where TI  is the DBT volume. We generated low-frequency SDM for all cases in the training, 

validation, and testing datasets. Subsequently, we trained an RRDB network, which is denoted by the 
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high-frequency network 
HG , to generate the high-frequency part of the FFDM image. In this study, 

we used residual learning21 to train network
HG . In residual learning, given a DBT volume TI  and a 

low-frequency SDM L

SI , the output of the network 
HG  is added to the low-frequency SDM to 

derive a full SDM image, that is 

   ,, L

S

L

ST

H

S IuIIGI   (3) 

where u  is bilinear up-sampling with a factor of 4. Thereafter, the original FFDM images were used 

as the ground truth to train the network 
HG . 

 

Figure 1: Example of low-frequency FFDM image. (a): Original FFDM image, which has a size of 256×256. 

(b): Low-frequency FFDM image (resized to a size of 256×256). The line profiles of the FFDM image and 

low-frequency FFDM image of the left red line in (a) are shown in (c), and the line profiles of the right red 

line are shown in (d). The gray level of the FFDM image was rescaled to between -1 and 1 by linear 

transformation. Best viewed in color. 

2.C Network architecture 

The network architecture of the low-frequency network 
LG  is shown in Figure 2. To 

extract 3D information in the input DBT volume, we used shared weight group convolution 

(SWGC)13,14 in the encoder path of U-net. To increase the network's capacity, we used 16 RRDB 

blocks12 in the U-net's lowest level. We used layer normalization22 instead of batch normalization. 

 

Figure 2:  Low-frequency network for low-frequency SDM generation. All the convolution layers in the 

feature extraction part (outlined with the blue dashed line) are SWGC layers. All the convolution layers 

have a kernel size of 3×3 and 64 output channels. There are 16 RRDB blocks in the RRDB trunk. Best 
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viewed in color. 

The network architecture of the high-frequency network 
HG  is shown in Figure 3. We used 

a similar architecture network as the state-of-the-art RRDB network in the image super-resolution 

task12. The input DBT was fed into a feature extraction truck to extract high-frequency features. 

High-frequency features were concatenated with low-frequency features in the proposed MSCN. 

The features were then fed into the RRDB Trunk whose architecture was shown in Figure 3 to 

generate high-frequency image. The high-frequency image was added to low-frequency image and 

output the final SDM. To show the performance gain of the proposed MSCN, we used an RRDB 

network, which has the same network architecture as the high-frequency network, to directly 

generate full SDM images and used the RRDB network as the baseline model. The baseline network 

has no additional low-frequency SDM input or residual learning. 

 

Figure 3:  High-frequency network for full SDM generation. The first convolution layer in the feature 

extraction part (outlined by the blue dashed line) is the SWGC layer and has 256 output channels. All the 

other layers have 64 output channels. All the convolution layers have a kernel size of 3×3. Low-frequency 

SDM is bilinear up-sampled with a factor of four and added with the output of the RRDB network to 

derive the full SDM. There are 16 RRDB blocks in the RRDB trunk. Best viewed in color. 

2.D Objective function 

To train the low-frequency network 
LG , we used the MSE objective function. The MSE loss 

is given by 

   
 





SII

T

LL

D

L
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T
L
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where S  is the training dataset, S  is the size of the training dataset, and 
2
 is 2l -norm. 

    To train the high-frequency network
HG , we used GGGAN13 with perceptual loss14,16 and 

multi-frequency MSE loss as the regularization terms. In GGGAN, a discriminator network, which is 

denoted byD , is trained to distinguish between generated SDM image SI  
and the ground truth 

image DI . The loss function for the discriminator D  is given by 
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(5) 

where  T1,...,1,11 


 and  T0,...,0,00 


, both have the same size as  D , and DI  / SI   are the 

gradient maps of DI / SI . Sobel operators are used to extract the gradient maps13. The 

architecture of the discriminator network is shown in Figure 4. Given a trained discriminatorD , the 

adversarial loss and feature matching loss for the network 
HG  is given by 
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(7) 

where  jD  is the feature of j th layer of  D , DT  is the total number of layers, 
j

DN  is the 

number of elements of the feature in the j th layer, and 
1
  is 1l -norm. The GGGAN objective 

function used to train the generator 
HG  is given by 

     HFMFM

H

Adv

H

GGGAN GLGLGL                         (8) 
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where FM  is a weighting factor for balancing the adversarial loss and feature matching loss. We 

empirically set FM = 10, which is the same as that in previous work14. The discriminator and 

generator were trained by minimizing equations (5) and equation (8) in an alternative way. 

    In perceptual loss, a pre-trained network is used to extract features from the generated SDM 

images and the ground-truth FFDM images; the distance between the features is then minimized. 

We used the VGG-16 network23 pre-trained on ImageNet24. Given the pre-trained VGG-16 network, 

which is denoted by V , the perceptual loss is given by 

      
 


SD

V

ISI

T
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j

D

j

j

VV

H

Percep IVIV
NTS

GL
, 1

1
,

11

              

(9) 

where  jV  is the feature of j th layers of  V , VT  is the total number of layers, and j

VN  is 

the number of elements of the feature in the j th layer. Due to the assumption that natural 

images only share low-level feature space with medical imaging, we only used the 2nd, 4th, and 7th 

convolution layers of the VGG-16 network (which has 13 convolution layers in total), which are the 

three lower layers of the VGG-16 network, to extract features. Thus, we set the number of layers 

3VT . The diagram of the first seven convolution layers of the VGG-16 network is shown in Figure 

4. 

 

Figure 4: (a) Discriminator network. In the first layer, the features with a channel size of 32 are extracted 

from SDM/FFDM and DBT separately and then concatenated. The output features of the next four 

convolution layers have a channel size of 128, 256, 512, 1, respectively. (b) First seven convolution layers 

of VGG-16 network. The output features of the first seven convolution layers have a channel size of 64, 

64, 128, 128, 256, 256, 256, respectively. Max-pooling layers with a stride of 2 are used to down-sample 
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the features with a factor of 2. Best viewed in color. 

    For multi-frequency MSE loss, we used the MSE loss of full SDM images and the MSE loss of 

the low-frequency part of the full SDM images. Assuming that the residual learning cannot 

significantly change the intensity of the low-frequency SDM, we also used the MSE loss between 

the low-frequency part of the full SDM images and low-frequency SDM images. The 

multi-frequency MSE loss is 
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(10) 

Then the objective function for the high-frequency network 
HG  is 

                                  (  )        ( 
 )               ( 

 )         ( 
 )        (11) 

Where          is a weighting factor that balances the GGGAN loss and perceptual loss. We 

empirically set         to 10, which is the same as that in previous work14. We used the same 

objective function for the training of the baseline model, except that the third term of the 

multi-frequency MSE loss (equation (10)) was not included. 

2.E Training detail 

The low-frequency network (U-net) was trained on full-sized images, whereas the 

high-frequency network (RRDB network) was trained on patches. For the RRDB network training, the 

DBT volumes and FFDM images in the training and validation datasets were cut into patches at a 

resolution of 512 × 512 without overlapping. Patches with over 50% background were discarded for 
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better training convergence. Note that the RRDB network is a fully convolutional network. Thus, the 

RRDB network can use full-sized DBT as the input and generate a full-sized SDM in the testing phase. 

For the training of the U-net, we used the Adam25 solver with a learning rate of 
4101  , 

9.01  , and 999.02  . The batch size was set to 1 owing to the limitations of the GPU memory. 

Horizontal flip augmentation was used for all images, and vertical flip augmentation was used for 

images from the CC-view mammogram. The U-net was trained for 400,000 iterations, and the 

learning rate was set to 
5101   after 300,000 iterations. The training takes about 10 days on an 

NVIDIA RTX 8000 GPU. 

For the training of the RRDB network, we used the Adam solver with a learning rate of 

4101  , 5.01  , and 9.02  . The batch size was set to four owing to the limitations of the GPU 

memory. Horizontal flip augmentation was used for all patches, and vertical flip augmentation was 

used for patches from the CC-view mammogram. The RRDB network was trained for 100,000 

iterations, and the learning rate was set to 1 × 10−5 after 50,000 iterations. The training took 

approximately two days on an NVIDIA TitanX GPU. 

3. RESULTS 

3.A Evaluation 

To show the performance gain of the proposed MSCN, we trained an RRDB network to 

directly generate full SDM images and used the RRDB network as the baseline model (denoted by 

RRDB in below). For the baseline model, we used the same network architecture and the same 

objective function (equation (11)) as the high-frequency network in the proposed MSCN (shown in 
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Figure. 3), except that the baseline model has no residual learning and additional low-frequency 

SDM input. Thus, the third term of the multi-frequency MSE loss for the baseline model was not 

included. The main difference between the proposed MSCN and the baseline model is that the 

proposed MSCN uses the low-frequency SDM generated by the low-frequency network. 

In the experiment, we measured the intensity distortion, perceptual similarity, and mass 

quality of the SDM images derived using the proposed and baseline methods. To measure the 

intensity distortion of the generated SDM images, we used the PSNR and SSIM. To measure the 

perceptual similarity of the generated SDM images, we used the LPIPS20, which correlates well with 

human perceptual similarity judgments. To measure the mass quality of the generated SDM images, 

we trained a U-net to predict the mask of masses in the generated SDM images, and then measured 

the dice similarity coefficient between the mask of the generated SDM images and the mask of 

FFDM images. 

3.B MSE loss 

The MSE loss curves of training and validation on the full SDM images and low-frequency 

parts of the full SDM images are shown in Figure. 5. As can be seen, the proposed MSCN has a more 

stable training and a lower MSE loss than the RRDB in both full SDM images and low-frequency parts 

of the full SDM images. Using the low-frequency SDM generated by the low-frequency network can 

stabilize the training and might result in a better local minimum. 

 

Figure 5: (a) MSE loss curves for training and validation on full SDM images. (b) MSE loss curves for 
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training and validation on low-frequency part of the full SDM images. Best viewed in color. 

3.C Intensity distortion 

We used PSNR and SSIM to measure the intensity distortion of the generated SDM images. 

The average values of PSNR and SSIM of the SDM images generated by the proposed MSCN and 

RRDB are shown in Table 1. The line profiles of the two representative cases are shown in Fig. 6. As 

can be seen, the proposed MSCN significantly (
6101 p ) outperforms the RRDB in terms of PSNR 

and SSIM and has a lower intensity distortion than the RRDB. The proposed MSCN can decrease 

intensity distortion and make the SDM images more similar to those of the FFDM images. 

 

Figure 6: (a) and (e): FFDM images of the two representative cases. (b) and (f): SDM images derived from 

the RRDB network. (c) and (g): SDM images derived using the proposed MSCN. (d) and (h): line profiles 

(FFDM (red), RRDB network (green), proposed MSCN (yellow)) of the three red dashed lines in (c) and (g). 

Best viewed in color. 

 

Table 2 PSNR and SSIM (mean standard deviation) of the RRDB network and the proposed MSCN. 

 

 

3.D Perceptual similarity 

We used the LPIPS20, which correlates well with human perceptual similarity judgments, to 

measure the perceptual similarity of the generated SDM images. In LPIPS, a neural network was 

trained on a dataset of human perceptual similarity judgments, and the neural network was used to 



 

This article is protected by copyright. All rights reserved. 

extract features to measure the dissimilarity between the generated images and the ground-truth 

images. Lower LPIPS values were related to higher perceptual similarity. The results are listed in 

Table 2. We used paired t-test to compare the perceptual similarity between MSCN and RRDB. As 

can be seen, the proposed MSCN has a significantly (
6101 p ) higher perceptual similarity than 

the RRDB. 

 

Table 3 LPIPS (mean standard deviation) of the RRDB network and the proposed MSCN. 

 

 

3.E Mass quality 

To measure the mass quality of the generated SDM images, we trained the same U-net as in 

previous work14 for the mass segmentation task. We used an independently collected in-house 

dataset including 673 masses and manually annotated the masks of masses as the training dataset, 

which did not overlap with the dataset described before. For each mass, a patch with the size of 

10241024  and a mass in the center was crop out from the FFDM image and used as the input 

image. During the training, smoothed dice loss was used as the objective function. The Adam solver 

with a learning rate of
4102  , 5.01  , and 9.02   was used. The batch size was set to eight. 

Horizontal flip, vertical flip, random rotation of 
90 ,

180 ,
270 , and random resizing were used for 

training augmentation. The network was trained for 150 epochs (approximately 12,500 iterations). 

We used an ensemble of five trained U-net26 to derive a more robust segmentation result. 
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We used the mean dice scores of the predicted masks of the SDM and FFDM images, using 

the manually annotated mask as the ground truth. In addition, we used a semantic similarity score14 

to take the predicted mask of FFDM images as the ground truth for the calculation of a dice score, to 

directly evaluate the similarity of masses between SDM and FFDM images. The results are presented 

in Table 3. As can be seen, the SDM images derived from the proposed MSCN and the RRDB have the 

same segmentation results as the FFDM images. However, the SDM image derived from the 

proposed MSCN has a significantly (
4101 p ) more similar to the FFDM image than that derived 

from the RRDB. 

Table 4 Dice score (mean standard deviation) of FFDM images, the RRDB network, and the 

proposed MSCN on the mass segmentation task. Significance (p-value) of the difference between 

the results of FFDM and SDM is listed. Semantic similarity is the dice score (mean standard 

deviation) between predicted mask of SDM and predicted mask of FFDM images. 

 

A representative result is shown in Figure 7. As can be seen, the mass of the SDM image 

derived from the RRDB has a higher intensity than the mass of the FFDM image, which results in 

over-segmentation and a mask inconsistent with the mask of the FFDM image. However, the 

proposed MSCN can derive an SDM image with intensity more similar to the FFDM image than the 

RRDB, resulting in a mask that is more consistent with the mask of the FFDM image. 
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Figure 7: (a)FFDM image. (b) SDM image derived from the RRDB network. (c) SDM image derived from the 

proposed MSCN. (d) Contours of the masks: ground truth (red), FFDM image (green), RRDB network 

(blue), proposed MSCN (yellow). Best viewed in color. 

3.F FFDM VS SDM Reader Study 

In order to demonstrate the improved performance of the proposed in reading by 

radiologists, a reader study was provided as additional experiments. To reflect the differences 

between the two imaging methods, FFDM and SDM were reviewed by six radiologists with different 

years of experience, and also analyzed the differences between the detection effect and diagnostic 

efficiency of lesions in the images in this study.  

Readers were consist of 6 breast diagnostic radiologists, including three groups, the junior 

group: reader 1 and reader 2 had 2 years of breast image diagnosis experience; the middle-seniority 

group: reader 3 and reader 4 had 4 years of breast image diagnosis experience; the senior group: 

reader 5 and reader 6 had 6 years of breast image diagnosis experience. 

Data are collected according to the requirements of the reading experiment of multiple 

readers. In order to ensure sufficient diagnostic power, 120 case are required when the diagnostic 

power is set to 1 and the readers are set to six. Therefore, 145 cases with unilateral lesions were 

randomly selected between January 1, 2014 to December 31, 2020, from Nanfang Hospital, 

Southern Medical University, Guangdong, Guangzhou, China. This retrospective study was approved 

by the Institutional Review Board (IRB) approved protocol (code number NFEC-2018-037), and 

informed consent was waived. Also, FFDM images, radiologists’ reports and pathological gold 
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standard results were collected. All images were numbered and desensitized after collection. The 

inclusion criteria is that the case must have unilateral breast lesions. The exclusion criteria are: (1). 

Unilateral multiple lesions; (2). No pathological gold standard results or surgical puncture results 

were found. 

In the first session, all cases were desensitized and numbered after collection. The image is 

put into the deep learning model for processing, and the corresponding SDM image is output, which 

is divided into two groups, one group is FFDM image, the other is SDM image. After merging the two 

groups of images, they were randomized and numbered to obtain the experimental data set. 

In the second session, preparation for reading test: (1) Train the readers before film reading, 

and extract an image of another case for trial; (2) Description of diagnostic rules: diagnosis is carried 

out on a case-by-case basis, and the main lesions are located and evaluated by BI-RADS (benign 

below 4a and malignant above 4a); 

If the following conditions are met, it is the correct label: (1) The lesion is located correctly 

(left and right, quadrant and depth of the lesion); (2) The main lesions were diagnosed correctly, 

corresponding to pathological results. If the following conditions occur, it will be judged as wrong 

marking: (1) The localization of the lesion is wrong marking; (2) The diagnosis of main lesions is 

wrong. 

In the third session, reading experiment: images of 290 cases were reviewed by six readers. 

All cases are interpreted using a three-monitor Hologic diagnostic workstation (SecurViewDx, 
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Hologic MA), which was calibrated to the DICOMGSDF and enabled zooming in or out. As the 

database was randomized and merging, each reader would have the different cases’ order. 

For each case, the location (left and right), quadrant, depth (front, middle and rear), type of 

lesion (mass, calcification, architecture distortion, asymmetry), image type (FFDM, SDM), benign and 

malignant, BI-RADS category (0-5), and probability of malignancy (%) were recorded by the readers. 

The reading time was not limiting. 

ROC curves, sensitivity, specificity, accuracy, PPV and NPV of six readers were calculated and 

analyzed, as well as the consistency of lesion detection in two image types of each reader. All 

statistical analyses were based on the R language and SPSS 25.00.  

The age distribution, BI-RADS breast density and benign and malignant distribution of lesions 

of 145 patients are shown in Table 5. 

Table 5 Characteristics of the population for this study. 

 

The specific location, depth of distribution, and quadrant of the lesions in the 145 cases and 

the assessment of the BI-RADS category in the radiologists ' report are shown in Table 6. 

Table 6 The characteristics of mass and associated features in three group 
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All 145 cases underwent pathological biopsy, including 142 malignant lesions and 3 benign 

lesions. Most of the malignant lesions were invasive ductal carcinoma. The specific pathological 

types were distributed as shown in Table 7. 

Table 7 Histopathology results 

 

The detection by 6 readers in FFDM and SDM are shown in Table 8. It can be found that 

readers 1, 3 and 5 all performed well in FFDM and SDM, while reader 2's detection ability was 

relatively low in 6 readers, and 15 cases of errors were detected in FFDM and SDM. 

Table 8 The detection and each reader’s Kappa valve in FFDM VS SDM 

 

In the group of six readers in FFDM and SDM, there was statistical significance for the 

detection of lesions, which indicating that there was a correlation between the readers and the 

detection of lesion, and also indicating no clear influence between the detection of lesions and the 

image type. 

Table 9 The group’s Chi-Square Test in FFDM VS SDM 

 

Comparing the diagnostic efficacy of FFDM and SDM of six viewers, we found that the 

sensitivity and PPV of the two image types of readers 1, 2, 3, 5 and 6 were consistent. The specificity 
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and NPV could not be calculated due to the large difference between benign and malignant 

proportions. The AUC values of the two image types of the same reader were roughly the same. The 

senior group had higher diagnostic efficiency, with an average of 0.760, the average AUC value of 

the middle seniority group was 0.639, and the average AUC value of the junior group was 0.750. The 

junior group performed better than the middle-seniority group. 

Table 10 The diagnostic efficacy parameters in observer study of each reader 

 

 

Figure 8: ROC curves for six readers in three groups diagnosis in FFDM and SDM. (a) Six readers’ ROC 

curves in two image types; (b) Six readers’ ROC curves in FFDM; (c) Six reader s’ ROC curves in SDM. 

We can observe that ROCs have the similar upward trends in two image types. 

Two image types of FFDM and SDM in different readers, different image types have no 

influence on the detection of lesions. The consistency of the same reader in different image types 

was high, and the Kappa values of readers 1, 2, 4, 5 and 6 were all greater than 0.7, indicating that 

the coincidence degree of the two images in the detection of lesions was statistically significant and 

had a strong consistency. However, the Kappa value of reader 3 was only 0.5, indicating that its 

ability to detect lesions in two different images was slightly weaker than that of other readers. On 

the other hand, different image modes have no significant influence on the detection of lesions in 

the viewers, and the detection of lesions in FFDM and SDM is roughly the same. 
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When Chi-Square analysis was performed between groups with different image modes, it 

was found that there was a significant correlation between image types’ lesions detection and the 

readers, suggesting that image modes did not affect the lesion detection ability of the readers. 

Analyzing the diagnostic results of each reader under FFDM and SDM image type, we found 

that the sensitivity PPV of viewer 1, 2, 3, 5 and 6 were consistent. The AUC values of the two image 

types are roughly the same for the same viewer. 

In conclusion, under FFDM and SDM image types, the detection and diagnosis abilities of the 

six readers were roughly the same, indicating that FFDM and SDM had roughly the same screening 

and diagnosis effects on breast lesions.  

3.G Observer Study About Pseudo-calcifications In SDM 

In order to reflect the influence by pseudo-calcifications, we make an observer study about 

pseudo-calcifications in SDM. A total of 20 normal cases were reviewed by two radiologists with the 

same of experience (3 years), and also analyzed the consistency in this study. 

Readers are consist of 2 breast diagnostic radiologists who had 3 years of breast image 

diagnosis experience. Data are collected according to the requirements of the reading experiment. 

In order to ensure sufficient diagnostic power, 20 cases are required when the diagnostic power is 

set to 1 and the readers are set to six. Therefore, 20 normal cases, which confirmed by follow-up 

1year, were randomly selected between January 1, 2022 to March 31, 2022, from Nanfang Hospital, 

Southern Medical University, Guangdong, Guangzhou, China. This retrospective study was approved 
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by the Institutional Review Board (IRB) approved protocol (code number NFEC-2018-037), and 

informed consent was waived. Also, FFDM images, radiologists’ reports and pathological gold 

standard results were collected. All images were numbered and desensitized after collection. The 

inclusion criteria is: (1) BI-RADS 1 and follow-up at least 2 years. The exclusion criteria are: (1) 

multiple lesions; (2) BI-RADS equal to or greater than 2. 

In the first session, all cases were desensitized and numbered after collection. The image is 

put into the deep learning model for processing, and the corresponding SDM image is output. They 

were randomized and numbered to obtain the experimental data set. 

In the second session, preparation for reading test: (1) Train the readers before film reading, 

and extract an image of another case for trial; (2) Description of diagnostic rules: diagnosis is carried 

out on a case-by-case basis, and find out pseudo-calcifications (Y/N); 

In the third session, reading experiment: images of 20 cases were reviewed by two readers. 

All cases are interpreted using a three-monitor Hologic diagnostic workstation (SecurViewDx, 

Hologic MA). For each case, yes (have pseudo-calcifications) or no (don’t have) were recorded by the 

readers. 

Consistency and kappa value of two readers were calculated and analyzed, as well as the 

consistency of pseudo-calcifications detection in SDM of each reader. All statistical analyses were 

based on the R language and SPSS 25.00. The results are shown in Table 11. 
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In the group of two readers in SDM, there was no statistical significance for the detection of 

pseudo-calcifications, which indicating that there was no correlation between the readers and the 

detection of pseudo-calcifications, and also indicating the indirect proof of the propose model might 

overcome this tissue. 

Table 11 The group’s McNemar Test in SDM of detection of pseudo-calcifications 

 

4. DISCUSSION 

In this work, we proposed an MSCN to make the training more stable, decrease intensity 

distortion, and increase perceptual similarity. In the proposed method, low-frequency structures 

(e.g., intensity distribution) and high-frequency structures (e.g., textures) were generated 

separately. A single network that directly generated the full SDM images was used as the baseline 

model. The experiment results show that the training curve of the proposed MSCN is more stable 

than that of the baseline model. The baseline model has a PSNR of 25.3dB, SSIM of 0.703, and LPIPS 

of 0.116, while the proposed MSCN has a PSNR of 27.9dB, SSIM of 0.724, and LPIPS of 0.1077. An 

additional reader study was performed to compare the difference between FFDM and SDM. Six 

radiologists with different years of experience reviewed and analyzed the differences between the 

detection effect and diagnostic efficiency of lesions in the images. Radiologists found these two 

images were roughly the same. The proposed MSCN decreases the intensity distortion and increases 

the perceptual similarity. It can also generate SDM images with masses that are more similar to 
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FFDM images than the baseline model. The proposed MSCN can stabilize the training process and 

improve the image quality of SDM images. 

The low-frequency network was proposed to generate low-frequency structures (e.g., 

intensity distribution). The output target of the low-frequency network was the low-frequency FFDM 

which was smoothed by a Gaussian smoothing operator (Gaussian kernel with a mean of 0 and a 

standard deviation of 1) followed by a bilinear down-sample with a factor of 2. We called the 

generated image low-frequency SDM. Since high-frequency structure were removed in the target, 

it’s easier for the low-frequency network to learn important low-frequency structure. Experimental 

results showed using the low-frequency SDM generated by the low-frequency network can stabilize 

the training and might result in a better local minimum. 

We found that disentangling FFDM images into low-frequency images and high-frequency 

images is beneficial to learning multi-scale structures more efficiently. We use two DNNs to generate 

the low-frequency SDM images and high-frequency SDM images successively, which allow the two 

DNNs to learn structures under different scales independently. More importantly, disentangling 

low-frequency structures and high-frequency structures and using two different networks to learn 

the structures allows us to use low-frequency specific loss function and high-frequency specific loss 

function for different network respectively. With the cascaded networks design, the low-frequency 

structures are combined with the high-frequency structures, which fusion into the target SDM 

images. 
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In order to reflect the differences between the two imaging methods, a reader study of 

FFDM and SDM were reviewed by six radiologists with different years of experience, and also 

analyzed the differences between the detection effect and diagnostic efficiency of lesions in the 

images in this study. By analyzing the diagnostic results of each reader under FFDM and SDM image 

type, we found that the sensitivity PPV of viewer 1, 2, 3, 5 and 6 were consistent. The AUC values of 

the two image types are roughly the same for the same viewer, which means the detection and 

diagnosis abilities of the six readers were roughly the same, indicating that FFDM and SDM had 

roughly the same screening and diagnosis effects on breast lesions. 

The major limitation in this work is that statistical results of comparisons between the 

proposed method and C-view/Intelligent 2D, such as a comparison in terms of breast density 

consistency, were not provided. Since both C-view and Intelligent 2D were not approved by FDA of 

China, we could only collect a limited number of images from one hospital which conducted clinical 

trial for Hologic C-view. The findings in the visual comparison are preliminary and the conclusions 

lack significance due to insufficient available cases. However, we do think it is valuable to provide 

this result in order to make audiences have enough confidence and interests to try our method if 

they have enough data. We will further quantify the performance of the proposed method 

compared with commercial SDM solutions when we collect sufficient C-view data in the future. 

Another major limitation is that the trained generator DCNN can only be used for data 

acquired from Hologic system since it only learned the transformation from DBT volume to FFDM 

image of Hologic system. To investigate the potential capacity of the proposed method to transfer to 
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an unseen machine system, more works are needed in the future to further quantify the 

cross-vendor potential of the proposed method. 

In future work, we will provide a human observer study, reader detection test, comparison 

with C-View image and further analysis on the low-frequency SDM image to provide more insight 

into the proposed method’s pros and cons. Cross-vendor data will also be collected to evaluation the 

potential of our method on different vendor systems. 

There are several possible directions for improving the performance of the proposed 

method. In this study, we used two state-of-the-art network architectures in image generation tasks 

for low-frequency SDM image generation and high-frequency SDM image generation. There might 

be other network architectures that have a higher performance in image-to-image regression or 

texture generation. Using these networks in the proposed method might further improve the quality 

of SDM images. In addition, the vertical projection image acquired in DBT acquisition has the same 

geometry as the FFDM. Replacing the generated low-frequency SDM image with the vertical 

projection image might reduce the error introduced by the low-frequency network in the proposed 

MSCN and obtain a better image quality. Similar to progressive reconstruction in the Gaussian 

pyramid, progressively generating SDM images from low frequency to high frequency might make 

the training more stable and derive an SDM image with lower intensity distortion. 

The proposed method might be beneficial for other image-synthesis tasks in medical 

imaging. For example, in the low-dose CT denoising task, low-dose CT and full-dose CT have different 
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noise patterns and texture patterns because of the different radiation doses used in the acquisition, 

although they might have equal intensity (tissue) distribution. In the MRI-to-CT translation task, the 

ground-truth CT images derived by image registration might introduce regression errors owing to 

the mismatching of subtle details. In these tasks, the proposed MSCN might decrease the regression 

error introduced by the texture pattern difference or image registration and make the training more 

stable. 

5. CONCLUSIONS 

In this study, we proposed an MSCN for SDM generation. The experiments showed that the 

proposed method could decrease intensity distortion, increase perceptual similarity, and improve 

mass quality, resulting in SDM images with higher image quality. In future work, we will conduct a 

human observer study and further analysis to provide more insight into the proposed method’s pros 

and cons. 
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Grouped Figure Legends: 

 

Figure 1:  (a): FFDM image, which have a size of 256×256. (b): low-frequency FFDM image (resized 

to have a size of 256×256). (c): the line profile of FFDM image and low-frequency FFDM image of the 

left red line in (a). (d): the line profile of FFDM image and low-frequency FFDM image of the right red 

line in (a). Best viewed in color. 

 

Figure 2:  The diagram of the low-frequency network for low-frequency SDM generation. All the 

convolution layers in feature extraction part (outlined with blue dashed line) are shared weight 

group convolution (SWGC) layer. All the convolution layers have a kernel size of 3×3 and 64 output 

channels. There are 16 RRDB blocks in the RRDB trunk. Best viewed in color. 
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Figure 3:  The diagram of the high-frequency network for full SDM generation. The first convolution 

layer in feature extraction part (outlined with blue dashed line) is SWGC layer and has 256 output 

channels. All the other convolution layers have 64 output channels. All the convolution layers have a 

kernel size of 3×3. Low-frequency SDM is bilinear up-sampled with a factor of 4 and added with the 

output of the RRDB network to derive the full SDM. There are 16 RRDB blocks in the RRDB trunk. 

Best viewed in color.  

 

Figure 4:  (a) the diagram of the discriminator network. In the first layer, the features with a 

channel size of 32 are extracted from SDM/FFDM and DBT separately and then concatenated. The 

output features of the next 4 convolution layers have a channel size of 128, 256, 512, 1, respectively. 
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(b) the diagram of the first 7 convolution layers of VGG-16 network. The output features of the first 7 

convolution layers have a channel size of 64, 64, 128, 128, 256, 256, 256, respectively. Max-pooling 

layers with a stride of 2 are used to down-sample the features with a factor of 2. Best viewed in 

color. 

 

Figure 5:  (a) MSE loss curves of training and validation on full SDM images. (b) MSE loss curves of 

training and validation on low-frequency part of the full SDM images. Best viewed in color. 
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Figure 6:  (a) and (e): FFDM image of the two representative cases. (b) and (f): SDM image derived 

by the RRDB network. (c) and (g): SDM image derived by the proposed MSCN. (d) and (h): line 

profiles (FFDM (red), RRDB network (green), proposed MSCN (yellow)) of the three red dashed lines 

in (c) and (g). Best viewed in color. 
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Figure 7:  (a)FFDM image. (b) SDM image derived from the RRDB network. (c) SDM image derived 

from the proposed MSCN. (d) Contours of the masks: ground truth (red), FFDM image (green), RRDB 

network (blue), proposed MSCN (yellow). Best viewed in color. 

 

 

 

Figure 8:  ROC curves for six readers in three groups diagnosis in FFDM and SDM. (a) Six readers’ 

ROC curves in two image types; (b) Six readers’ ROC curves in FFDM; (c) Six reader s’ ROC curves in 

SDM. We can observe that ROCs have the similar upward trends in two image types. 
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Table 1 The distribution of the 627 tumorous cases’ features 

Features Number of Cases 

Mass 219 

Micro-calcification 146 

Architectural distortion 56 

Asymmetry 58 

Multiple types 148 

Totally 627 

Table 2 PSNR and SSIM (mean standard deviation) of the RRDB network and the proposed MSCN. 

 PSNR SSIM 

RRDB 25.333 2.15 0.7028 0.069 

MSCN 27.892 1.99 0.7238 0.072 

Table 3 LPIPS (mean standard deviation) of the RRDB network and the proposed MSCN. 

 LPIPS 

RRDB 0.1160 0.033 

MSCN 0.1077 0.033 

 

Table 4 Dice score (mean standard deviation) of FFDM images, the RRDB network, and the 

proposed MSCN on the mass segmentation task. Significance (p-value) of the difference between 
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the results of FFDM and SDM is listed. Semantic similarity is the dice score (mean standard 

deviation) between predicted mask of SDM and predicted mask of FFDM images. 

 Dice Score p-value Semantic 

Similarity 

FFDM 0.7939 0.147 - - 

RRDB 0.7938 0.141 0.977 0.9312 0.093 

MSCN 0.7981 0.145 0.0594 0.9546 0.043 

Table 5 Characteristics of the population for this study. 

Variable Test Set (n=145) 

Patient age (y) 

 

Mean 48.89 

Median 48 

Range 24-73 

Interquartile Range 48-73 

BI-RADS breast density 

 

a 4 

b 24 

c 107 

d 10 

Number of each class 

 

Benign 3 

Malignant 142 

Table 6 The characteristics of mass and associated features in three group 
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Main features   Test Set (n=145) 

Laterality 

Left 75 

Right 70 

Quadrant 

Outer upper 78 

Inner upper 12 

Outer lower 7 

Inner lower 20 

Axillary region 2 

Central area 2 

Subareolar region 5 

Other 19 

Depth 

Front 15 

Middle 59 

Rear 71 

BI-RADS 

category 

5 92 

4c 31 

4b 13 

4a 9 

3 0 

2 0 

1 0 

0 0 

Table 7 Histopathology results 
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Variable Test Set (n=145) 

Histopathology   

Adenosis of breast 1 

Basal-like breast carcinoma 5 

Chronic suppurative inflammation 0 

Cyst of galactostasia 0 

Ductal carcinoma in situ（DICS） 8 

Epidermal cyst 0 

Fibroadenoma 0 

Fibroadenosis 2 

Fibrous adipose tissue and breast ducts 0 

Granulomatous Mastitis 0 

Interstitial fibers proliferate 0 

Intraductal papilloma 0 

Paget disease 1 

Invasive ductal carcinoma 120 

Invasive lobular carcinoma 3 

Leukemia  0 

Mammary neuroendocrine carcinoma 0 

Mixed invasive carcinoma（ILC+IDC） 1 

Metaplastic breast carcinoma 3 

Mucinous carcinoma 1 

Papilloma 0 
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Phyllodes tumors 0 

Pure cyst 0 

Sclerosing adenosis 0 

Suppurative mastitis 0 

Tubular carcinoma 0 

 

Table 8 The detection and each reader’s Kappa valve in FFDM VS SDM 

   FFDM SDM  

  Y N Y N 

reader1 140 5 140 5 

reader2 130 15 130 15 

reader3 144 1 142 3 

reader4 138 7 135 10 

reader5 140 5 142 3 

reader6 141 4 139 6 

 

Kappa value Approximate Significance 

reader1 1.000  0.000  

reader2 0.930  0.000  

reader3 0.500  0.000  

reader4 0.812  0.000  

reader5 0.743  0.000  

reader6 0.793  0.000  
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Table 9 The group’s Chi-Square Test in FFDM VS SDM 

  FFDM 

  reader1 reader2 reader3 reader4 reader5 reader6 

Y 140 130 144 138 140 141 

N 5 15 1 7 5 4 

Total 145 145 145 145 145 145 

  SDM   

  reader1 reader2 reader3 reader4 reader5 reader6 

Y 140 130 142 135 142 139 

N 5 15 3 10 3 6 

Total 145 145 145 145 145 145 

Chi-Square Tests 

 

FFDM SDM 

Pearson Chi-Square 19.11 16.511 

Likelihood Ratio 17.968 15.42 

Asymptotic Significance (2-sided) 0.002 0.006 

Table 10 The diagnostic efficacy parameters in observer study of each reader 

  Sensitivity Specificity AUC Accuracy PPV NPV 

Read 1_1 0.991 0.000 0.713 0.983 0.991 0.000 

Read 1_2 0.991 0.000 0.713 0.983 0.991 0.000 

Read 2_1 0.974 0.000 0.770 0.965 0.991 0.000 

Read 2_2 0.974 0.000 0.813 0.966 0.991 0.000 
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Read 3_1 0.991 0.000 0.674 0.983 0.991 0.000 

Read 3_2 0.991 0.000 0.665 0.983 0.991 0.000 

Read 4_1 0.965 0.000 0.548 0.957 0.991 0.000 

Read 4_2 0.974 0.000 0.670 0.966 0.991 0.000 

Read 5_1 0.965 0.000 0.765 0.957 0.991 0.000 

Read 5_2 0.965 0.000 0.787 0.957 0.991 0.000 

Read 6_1 0.991 0.000 0.722 0.983 0.991 0.000 

Read 6_2 0.991 0.000 0.765 0.983 0.991 0.000 

Table 11 The group’s McNemar Test in SDM of detection of pseudo-calcifications 

  SDM   

  reader1 reader2 

Y 2 1 

N 18 19 

Total 20 20 

       

McNemar Tests 

 

SDM 

Pearson Chi-Square 0.36 

Likelihood Ratio 0.37 

Asymptotic Significance (2-sided) 0.55 

Kappa 0.05 

Approximate Significance 0.55 

 


