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ABSTRACT 

Using anti-scatter grids in digital breast tomosynthesis (DBT) is challenging due to the relative motion between source and 

detector. Therefore, algorithmic scatter correction methods could be beneficial to compensate for the image quality loss 

due to scatter radiation. In this work, we present a deep learning model capable of predicting the scatter fraction (SF) image 

for simulations of realistically shaped homogeneous phantoms. The model was trained, validated, and tested on a dataset 

of 600 homogeneous phantoms representing the compressed breast with thicknesses ranging from 30 mm to 89 mm with 

randomly generated breast shapes. Monte Carlo simulations were performed for all cases and at different projection angles 

to obtain estimates of the DBT primary and scatter projections. The same procedure was performed for patient-based 

phantoms with realistic internal glandular and adipose texture to evaluate the generalizability of our model results. The 

median and interquartile range (IQR) of the mean relative difference (MRD) and mean absolute error (MAE) for the 

homogeneous phantoms between Monte Carlo SF ground truth and model predictions resulted in approximately 0.49% 

(IQR, 0.26−0.76%) and 2.06% (IQR, 1.83−2.26%), respectively, while the patient-based phantoms resulted in results with 

a MRD of -1.39% (IQR, -4.13−1.60%) and a MAE of 3.97% (IQR, 3.38−4.71%). This seems to indicate that the model 

trained on the homogeneous phantoms captures the average representation inside the homogeneous breast, with reasonable 

accuracy in breasts with texture variations. Therefore, the model has the potential to be used as an algorithmic scatter 

correction method in the future. 

Keywords: breast tomosynthesis, scatter correction, deep learning  

1. Description of purpose 

Digital breast tomosynthesis (DBT) is a pseudo-three-dimensional imaging method that improves accuracy compared to 

digital mammography by taking advantage of multiple exposures at different angles, enabling reconstruction of thin 

sections into an image volume. However, because of the acquisition geometry, where the detector remains static while the 

x-ray tube moves, it is challenging to use a physical anti-scatter grid. Hence, DBT images tend to suffer from image quality 

loss due to scatter radiation, which results in cupping artefacts and a reduction of contrast in the images [1]. Potentially 

also leading to the lower sensitivity reported when detecting calcifications [2]. 

Many approaches to scatter correction in DBT use Monte Carlo (MC) simulations to characterize and define the scatter 

radiation. However, this is a very time-consuming process, making its implementation in the clinic challenging. Previous 

studies tried to develop faster approaches to estimate scattered radiation fields by implementing, for instance, a fast kernel-

based method [3] that can compute scatter field radiation images in approximately 80 min, or by creating a precomputed 

library of various x-ray scatter maps that can be used for the correction of clinical cases in minutes [4]. However, for the 

former approach, the time taken to obtain the scatter field image is still not appropriate for clinical implementation. 

Whereas the latter approach is based on a simplistic breast shape phantom and thus requires the deformation of the 

precomputed scatter maps in order for it to be used on a particular clinical case.  

Recent developments in the deep-learning field show that promising results can be achieved in the implementation of fast 

neural network scatter correction methods for x-ray breast imaging techniques [5], [6]. Our work adds to this growing body 

of literature by developing a deep learning (DL) model capable of predicting the scatter signal for DBT projections and 

digital mammography (DM) images in the cranio-caudal (CC) view. Additionally, it improves the scatter field radiation 

predictions by working with realistic breast shaped phantoms produced by a patient-based breast shape model. 
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2. Methods 

2.1 Breast phantom dataset 

A patient-based breast shape model previously developed in our group was used to generate 600 randomly shaped 

homogeneous phantoms of compressed breast thicknesses uniformly distributed between 30 mm and 89 mm. This patient-

based model extends our previously published work [7]–[9], in which the external 3D shape of the breast undergoing 

compression was measured with structured light scanning technology during patient DBT CC view acquisitions. This novel 

model is based on fully scanned compressed breasts in the CC view, from which it is possible to generate phantoms with 

different compressed thicknesses, outer breast curvatures, and breast positions in the detector area. 

2.2 Monte Carlo Simulations 

The DBT primary and scatter projections of the phantoms were estimated using a previously validated [10] Monte Carlo 

simulation program based on the Geant4 toolkit. The geometry implemented for these simulations assumes a wide-angle 

DBT acquisition system with 50° of scan angle, x-ray spectrum from a tungsten anode with rhodium filtration [11], typical 

and commercially used materials and thicknesses for the compression paddle and breast support table, detector housing, 

and an x-ray detector with an active selenium layer. Detector dimensions were set to 224 x 176 pixels with 1.36 mm 

spacing, corresponding to a 16 by 16 binning of the original 85 µm pixel pitch. The simulated x-ray spectra matched those 

selected by the system automatic exposure control, and were modeled based on the work of Hernandez et al. [11] so that 

to match the attenuation measured after various layers of aluminum. The number of simulated x-rays was set to result in 

similar detector dose for all breasts. The phantom composition was defined as a homogeneous mix of 85% adipose and 

15% glandular tissue.  

From these simulations, two output images were obtained per projection: a scatter image, containing the energy of all 

photons that underwent any scatter interaction before reaching the detector, and a primary image, with the energy of only 

photons that reached the detector with no prior interactions. These two output images were then used to generate the scatter 

fraction (SF) images used as ground truth for the neural network. A set of 12 projection angles, which included the 0° 

projection angle and 11 projection angles randomly spanned over a ±25° range, was simulated per phantom for training, 

validation, and testing of the network. 

2.3 Neural network   

The implemented neural network followed a modified U-Net structure, where phantom thickness and projection angle 

were given as input in the bottom layer, as depicted in Figure 1. The network was developed using Keras (v. 2.4.3)[12]. 

The cost function was defined as the relative mean squared difference between ground truth and predicted image and was 

calculated as an equally weighted sum between area inside the breast and background area.  

The network inputs were the phantom compressed thickness in millimeters, the projection angle in degrees, and a binarized 

(segmented breast and open field) DBT projection image. The input and ground truth images were all resized to be 112x88 

pixels and padded before being input into the network for training. Since the network ground truths were the scatter fraction 

images, all ground truth image values were already ranging from 0 to 1 and no normalization was performed beforehand 

in this case. 

The simulated phantoms and corresponding projections (600 phantoms x 12 projections = 7,200 projections) were split 

into training (80 phantoms per 10-mm thickness group, 5760 projections), validation (10 phantoms per 10-mm thickness 

group, 720 projections) and testing sets (10 phantoms per 10-mm thickness group, 720 projections). Training takes 

approximately 40 minutes, while the prediction of one of the projections takes less than 0.01 seconds, on a single Nvidia 

GeForce GTX 1080 GPU. 
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Figure 1 – Modified U-Net architecture used to predict SF based on a binary input image, thickness (in millimeters) and projection 

angle (in degrees). Displayed values correspond to the number of feature channels for convolutions and the number of units for the fully 

connected layers. Batch normalization layer and a leaky rectified linear unit activation layer followed each of the 3x3 convolution layers. 

The fully connected layer was followed by a dropout layer (factor 0.3). 

2.4 Evaluation 

The performance of our model was evaluated by comparing the SF projections predicted by the DL model (SFDL) to the 

MC simulated SF projections (SFMC) on the test set, using the mean relative difference (MRD, Eq. 1) and the mean absolute 

error (MAE, Eq. 2) inside the breast segmented area. 

𝑀𝑅𝐷 (%) =  

∑ [(
𝑆𝐹𝐷𝐿,𝑖−𝑆𝐹𝑀𝐶,𝑖

𝑆𝐹𝑀𝐶,𝑖
)

𝑏𝑟𝑒𝑎𝑠𝑡 𝑠𝑒𝑔.  𝑎𝑟𝑒𝑎
]𝑛

𝑖=1

𝑛
× 100                                                     (Eq. 1), 

𝑀𝐴𝐸 (%) =
∑ |𝑆𝐹𝐷𝐿,𝑖−𝑆𝐹𝑀𝐶,𝑖|

𝑏𝑟𝑒𝑎𝑠𝑡 𝑠𝑒𝑔.  𝑎𝑟𝑒𝑎
𝑛
𝑖=1

𝑛
× 100                                                         (Eq. 2),  

where n is the total number of pixels inside the breast segmented area in the projection image. 

Since the evaluation of our DL model was performed on homogeneous phantoms, a more clinically-relevant assessment 

of its performance was also undertaken by evaluating the use of this DL model to estimate SF images of phantoms with 

realistic internal glandular and adipose texture.  

For that, the anthropomorphic digital breast phantoms generated from simulated compression of breast CT patient breast 

scans from García et al. [13] were used to generate new DL SF predictions. First, MC simulations of 80 of these phantoms 

were performed for 3 projection angles each, which included the 0° projection angle and 2 randomly selected projection 

angles in the ±25° range. Then, the projections of the phantom shapes were binarized and given as input to the network for 

testing. The MC SF and the predicted DL SF were once again compared using the MRD and MAE. 
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3. Results 

The comparison between MC simulation and the DL model SF for two angular projections for a 39 mm thick homogeneous 

and breast CT-based anthropomorphic phantom is shown in Figures 2 and 3, respectively. It is observed that for the same 

phantom, the angular projection had minimal to no influence in the DL SF prediction accuracy, which is clear in the 

homogeneous phantom results in Figure 2, right column, where only a subtle difference between SFs appears in the contour 

of the breast. However, when comparing the MC SF with the DL SF predictions, large differences exist in the breast CT-

based anthropomorphic phantom (Figure 3). It is visible that an underestimation of the scatter takes place inside the breast 

(approximately -20% relative difference), where the internal texture is present, as well as slightly near the breast contour.  

The MRD on the SF predictions from the DL model for each test phantom projection had a median of 0.49% with an 

interquartile range (IQR) of 0.26 to 0.76%, while the MAE was 2.06% with a IQR of 1.83 to 2.26% (Figure 4). Th  m    ’s 

performance in predicting the SF for phantoms with patient-based glandular and adipose texture resulted in a median of 

−1.39% (IQR, −4.13 to 1.60%) for the MRD, when comparing the MC and the DL SFs, with a MAE of 3.97% (IQR, 3.38 

to 4.71%) (see graph in Figure 5). 

4. Discussion 

In this work we trained a DL algorithm to predict the scatter signal in DBT images. To do so, we obtained SF images of 

breast shape phantoms to evaluate the feasibility of our DL model. As detailed elsewhere [14], SF images can be considered 

as a first step in the development of a DBT and DM scatter correction approach. Therefore, we evaluated the result of our 

algorithm in two types of phantoms: realistic shaped homogeneous phantoms, generated by a model based on patient data, 

and phantoms with realistic adipose and glandular texture inside, obtained through virtual mechanical compression of 

segmented breast CT volumes. 

In the first case, our model reached a MRD between the ground truth and the predicted SF images inside the breast 

segmented area of median 0.49%, with a small IQR of 0.26 to 0.76%. These results seem to indicate a small bias in the 

predictions from our model, with a slope in Figure 4 showing that this bias decreases towards thicker breasts. This trend 

was also present in the MAE results, with a median of 2.06% (IQR, 1.83 to 2.26%), but nonetheless the error was small 

for the model predictions. 

For the second case, the median for the MRD of approximately −1.39% (IQR, −4.13 to 1.60%) for the texture phantoms, 

as well as the MAE of median 3.97% (IQR, 3.38 to 4.71%), seems to indicate that our model can predict the scatter signal 

reasonably, but has some difficulties to generalize to these types of phantoms. However, this can be explained by the fact 

that the DL model was not trained on data containing texture information and therefore these texture variation details are 

not correctly included in our predictions. Similarly, the scatter underestimation found near the nipple area in Figure 3 was 

likely linked to the absence of the nipple in the homogeneous breast phantom shape used for the DL model training while 

being present in the texture phantoms. Nevertheless, the MAE found for the breast CT-based anthropomorphic phantom 

can be considered in agreement with a previous work from Diaz et al. [3], where an anthropomorphic phantom was also 

used and the scatter field estimation resulted in a maximum average error of absolute values of 5% for a 77 mm phantom 

when compared with the matching MC prediction. 

Therefore, further improvements to our approach include the addition of these glandular and adipose textures in the 

phantoms used to train the network, as well as the prediction of the scatter signal itself instead of a scatter fraction. In the 

future we also aim to develop a breast shaped model for the medio-lateral oblique view and use it to train a new DL model 

for this view.  
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Figure 2 – SF image from the MC simulation (left column), DL model (central column) and the pixel-by-pixel relative difference 

between the previous two images (right column) for a 39 mm thick homogeneous phantom at 0ᵒ        w  and -20.42ᵒ  b    m   w . 

Th  scale is set to be between -50% and +50%.  

 

Figure 3 – SF image from the MC simulation (left column), DL m                  m        h        b                            

b  w     h         s  w   m   s     h      m          9 mm  h  k b   s   T b s      h    m   h    h    m    0ᵒ        w       

 1.00ᵒ  b    m   w . Th  s      s s      b  b  w      0%     + 0%. 
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Figure 4 – Graphs show the mean relative difference (MRD, left) and mean absolute error (MAE, right) inside the breast segmented 

area for all homogeneous phantom cases and all projection angles in the test set, per thickness. The trends found per thickness group in 

the MAE graphic are due to the selection of a constant number of photons within 10-mm-wide breast thickness bins, based on the average 

thickness per group, for our Monte Carlo simulations, resulting in increased noise in the MC simulations as the breast phantoms increased 

in thickness. 

 

Figure 5- Graphs show the mean relative difference (MRD, left) and mean absolute error (MAE, right) inside the breast segmented area 

for all 80 breast CT-based anthropomorphic phantom and all projection angles in the test set, per thickness. 

New or breakthrough work to be presented 

The present work shows a DL model capable of predicting the scatter radiation signal in DBT and DM images in the CC 

view based on realistic breast shapes.  

5. Conclusion 

The median of the MRD for the DL model was less than 1.5% from the SF MC ground truth, for homogenous and patient-

based glandular and adipose texture phantoms. The DL predicted results also showed that the model captures the average 

representation inside these latter phantoms with reasonable accuracy but that further improvements can make the inside 

representation of the patient-based phantoms better. Even so, this preliminary work as shown nonetheless the potential in 

DL models to predict scatter radiation signal in DBT and DM in a CC view for future algorithmic scatter correction 

methods. 

Disclaimer 

The presented method is not commercially available, future availability cannot be guaranteed.   
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