
  

 

Abstract— In this paper, we propose a novel approach for 

automated detection of breast masses in three-dimensional (3D) 

reconstructed slices on digital breast tomosynthesis (DBT). The 

3D reconstructed slices provide quasi-3D information with 

limited resolution along the depth direction due to insufficient 

sampling in depth direction. This problem could cause an error 

of general 3D segmentation approaches which have to process 

information with different resolution at the same time. In order 

to resolve the problem, this paper proposes an effective mass 

detection method based on pooled mass probability map. The 

proposed pooled mass probability map contains slice plane 

information by fusing mass probabilities of initially detected 

regions along slices. Extensive and comparative experiments 

have been conducted using clinical data set to validate the 

effectiveness of proposed mass detection approach. 

Experimental results demonstrate the feasibility of proposed 

pooled mass probability map based approach for detecting 

masses on 3D reconstructed slices. 

I. INTRODUCTION 

Digital breast tomosynthesis (DBT) is a new 
three-dimensional (3D) tomographic imaging modality 
designed to alleviate the tissue overlap problem, inherent in 
the mammography. In the DBT, a series of low-dose 
projection view images are obtained with the x-ray tube at 
different angles to the plane of the compressed breast over a 
limited range of angles. The 3D breast volume is 
reconstructed from the limited number of projection view 
images using reconstruction algorithms [1], leading to 
cross-sectional visualization of breast tissue. Recently, the 
importance of the DBT screening has been increased due to its 
potential for improving both sensitivity and specificity of 
breast cancer detection [2]. However, the larger amount of 
information in 3D DBT data analyzed by radiologists could 
induce a substantial increase of workload and the possibility 
for overlooking subtle lesions.  

To overcome the aforementioned limitation, considerable 

research efforts have been devoted to the development of 

computer-aided detection (CAD) techniques for the DBT. In 

early stage, research was focused on detecting masses in 

multiple projection view images [3]. The result reported in [4] 
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indicates that the accuracy of mass detection in 3D 

reconstructed slices is significantly higher than that in 

projection view images. Recently, many research efforts have 

been devoted to the development of mass detection method 

with 3D reconstructed slices [4-6]. Chan et al. proposed a 

mass segmentation based on 3D gradient field analysis and 3D 

region growing [4]. However, such kinds of full 3D 

approaches are not suitable for segmenting masses in 

reconstructed slices which only provide quasi-3D information 

with limited resolution along the depth direction [6]. In 

reconstructed slices, the sampling distance (slice thickness) 

between slices could be ten times larger than the sampling 

distance for slice [7]. This problem could lead an error of 

conventional 3D mass detection approaches which have to 

process these information with different resolution at the same 

time. For this reason, it is required to develop suitable mass 

detection algorithm for reconstructed slices, instead of 

applying general 3D segmentation approaches. 

In this paper, we propose a novel mass detection algorithm 
that utilizes depth directional information to reduce false 
positives (FPs) on 3D reconstructed slices. To solve the 
different resolution problem on the quasi-3D domain, the 
proposed method detects regions of interest (ROIs) and 
estimates mass probability of each ROI on each reconstructed 
slice separately. In addition, to utilize depth directional 
information, we propose a pooled mass probability map which 
is estimated by fusing the mass probability of detected ROIs 
on each slice. Finally, mass volumes of interest (VOIs) are 
identified by ROI selection and grouping based on the pooled 
mass probability map for reducing FPs.  

The key advantages of the proposed mass detection 
method are as follows. The proposed method is unsupervised 
algorithm for detecting masses that can be optimized by only 
adjusting a threshold value (not using training data) to find the 
proper balance between sensitivity and specificity of the 
algorithm. Moreover, the proposed pooled mass probability 
map based ROI selection enables us to reduce FPs effectively, 
so that the proposed approach can be applied to CAD system 
operated on 3D reconstructed slices. Extensive and 
comparative experiments have been conducted to validate the 
effectiveness of the proposed pooled mass probability map 
generation and mass detection approach. Experimental results 
show that the proposed detection method achieves a better 
mass detection performance compared to the 3D approach.  

The rest of this paper is organized as follows. Section II 
presents the proposed mass detection method based on pooled 
mass probability map. In section III, experimental results are 
presented. The conclusion is drawn in section IV.  
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II. PROPOSED MASS DETECTION METHOD BASED ON POOLED 

MASS PROBABILITY MAP 

Breast is made up of fatty, fibrous, glandular, and 
lymphatic tissue [8]. Tissue density is represented as intensity 
and texture variation. Generally, masses are represented as the 
high intensity value compared with the other tissues in 
reconstructed slices. Furthermore, most masses are larger than 
3mm in diameter. Therefore masses are observed in several 
adjacent slices and have high correlation between slices [5]. 
For the purpose of detecting masses in 3D reconstructed slices, 
we exploit the aforementioned mass characteristics. Fig. 1. 
shows the overall process of proposed mass detection method 
based on pooled mass probability map. Details on the 
proposed method will be described in the following 
subsections.  

A. Preprocessing and Mass Segmentation 

As a preprocessing, mammographic mass enhancement 

technique [9] is applied to reconstructed slices. To detect 

initial mass candidates, multilevel thresholding [9], one of the 

popular approaches for segmenting masses in mammogram, is 

applied to each reconstructed slice. In this method, a map of 

iso-intensity contours is generated by thresholding the image 

at varying levels of intensity. The segmentation of mass 

regions is performed by selecting contours in the iso-intensity 

contour map based on minimum nesting depth [9] that 

represents a degree of intensity changes, related to high 

intensity characteristic of mass. Note that the segmented 

masses form ROIs for the mass detection and many FPs could 

be included in the ROIs in this stage. 

B. Generation of Pooled Mass Probability Map  

Based on the fact that masses have a high correlation 
between slices, masses are likely to be detected on the same 

location in adjacent slices. In this paper, we utilize the depth 
directional correlation between slices to reduce FPs. Firstly, a 
single probability map is defined as the two-dimensional (2D) 
map which represents the mass saliency of given location 

),( yx on each reconstructed slice. For the single probability 

map, the minimum nesting depth from the mass segmentation 
(please refer to section II. A) is normalized to range from 0 to 
1. Then, the normalized minimum nesting depth is used as the 
probability of being mass for segmented ROIs. Let us denote 

ij
R  to j-th ROI on i-th reconstructed slice, and 

ij
p  is the 

normalized minimum nesting depth of the 
ij

R , then the single 

probability map ( ),(
single

yxP
i

) is defined as follows:  

),(),(

1

ROIsingle
yxPyxP

iN

j

iji 


 , (1) 

where 


 


otherwise,0

),(,
),(

ROI ijij

ij

Ryxp
yxP , and Ni is the number of 

ROIs detected in the i-th reconstructed slice.  

In order to use the depth directional correlation between 
reconstructed slices, a pooled mass probability map 
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as follows: 
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where N is the total number of reconstructed slices.  

Fig. 1 (b) and (c) depict example of a single probability 
map estimated in central slice and the pooled mass probability 
map obtained by averaging the single probability maps in 
depth direction, respectively. As shown in figure, the pooled 
mass probability map provides higher probability on the true 
ROI, while suppressing that on FPs compared to the single 
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Figure 1. Overall process of the proposed mass detection method based on pooled mass probability map. (a) An example of central slice. True mass is 

indicated by white arrow. (b) A single probability map of the central slice where intensity represents the normalized minimum nesting depth of each 

segmented ROIs. (c) A pooled mass probability map generated by averaging the single probability maps in depth direction. (d) A mass binary map that 

is obtained by thresholding the pooled mass probability map. Note that the separated regions are regarded as mass candidates, and this information is 

used to select ROIs from each reconstructed slice. (e) A central slice superimposed with the cross section of detected VOI resulted from the proposed 

method.  
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probability map. 

C. ROI Selection and Grouping  

In this stage, mass candidates are determined using the 
pooled mass probability map obtained in previous section. A 

mass binary map ( ),(
B

yxP ) is obtained by thresholding the 

pooled mass probability map as 
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where  denotes the threshold value. As a result, mass 

candidates are determined as the separated regions in 

),(
B

yxP  and denoted by candidate

k
R (k=1,…, candidate

k
N ) where 

candidate

k
N  is the number of mass candidates in the binary map. 

As shown in Fig. 1 (d), regions which have low probability of 
being masses are disqualified for mass candidates. Based on 
mass candidates on mass binary map, ROIs considered to have 
high probability of being mass are selected as following rule: 
A ROI is considered to have high probability of being mass 

and selected when the center location of candidate

k
R  lies in ROI. 

As a result of the ROI selection, a large number of FPs, which 
has low probability of being mass, can be removed (please see 
ROI 1 and ROI 2 in Fig. 2). In addition, although masses are 
likely to be detected on the same location in adjacent 
reconstructed slices, they can be missed at some slices (please 
see group 1 in Fig. 2). In order to fill the missed regions, 3D 
morphological closing [12] is applied. Moreover, to reject 
false ROIs detected alone (please see ROI 3 and group 2 in Fig. 
2), morphological opening [12] is applied. Finally, VOIs are 
detected by grouping adjacent ROIs among depth direction. 
Fig. 1 (e) shows the example of the detection results. 

 

Figure 2. Illustration of example for the ROI selection and grouping. The 

colored rectangles in reconstructed slices represent the segmented ROIs on 

each slice. The z direction represents the depth direction. The rectangles in 

mass binary map represent the mass candidates that have high probability of 

being mass.  

III. EXPERIMENTS 

A. Data Set  

In this study, a clinical data set of 40 DBT reconstructed 
volumes was collected with a Hologic selenia dimensions 3D 
system installed in Ewha Womans University, Mok-dong 
Hospital. Patients were positioned in both mediolateral 
oblique (MLO) and craniocaudal (CC) views. The data set 
consisted of 24 volumes (18 malignant, 6 benign) from 12 
cases including masses and 16 volumes from 8 cases without 

mass lesions. The DBT volumes were reconstructed from 15 
projection view images using filtered backprojection [1] and 
consisted of reconstructed slices ranging from 30 to 85 slices. 

Each reconstructed slice has a fixed pixel size of 0.1mm×
0.1mm and a slice interval of 1mm. In the experiments, each 

reconstructed slice is downsampled to 0.4mm×0.4mm pixel 

size in order to reduce computational complexity. 

B. Evaluation of Detection Performance 

For the purpose of evaluating mass detection performance, 
a free-response receiver operating characteristics (FROC) 
analysis [13] was used. The FROC analysis evaluates the 
relationship between the sensitivity and the average number of 
FPs per DBT volume by differing decision thresholds. In the 
experiment, a mass is considered to be correctly detected if the 
centroid of the detected VOI falls within the volume of the 
ground truth that is marked by radiologist, or if the centroid of 
the ground truth falls within the detected VOI. And all other 
VOIs are considered as FPs. Two types of FROC curves are 
evaluated in this study, namely, volume-based FROC curves 
and case-based FROC curves. In volume-based FROC curves, 
sensitivity is defined as the ratio of the number of correctly 
detected volumes to the total number of volumes including 
masses. In case-based FROC curves, on the other hand, a case 
is considered to be detected if at least one of the annotated 
regions in that case is detected and sensitivity is defined as the 
ratio of the number of correctly detected cases to the total 
number of cases including masses. In both FROC curves, the 
average number of FPs per volume is the ratio of the total 
number of FPs to the number of given volumes. For the sake 
of comparison, 3D multilevel thresholding is implemented by 
extending 2D multilevel thresholding to 3D domain and 
applied to 3D reconstructed slices [9].  

Fig. 3 and Fig. 4 show the volume-based FROC curves and 
case-based FROC curves of the proposed method and 3D 
multilevel thresholding, respectively. The FROC curves of the 
proposed mass probability map based mass detection 
approach are plotted by varying the threshold   applied to 

the proposed mass probability map. The FROC curves of the 
3D multilevel thresholding approach are plotted by varying 
minimum nesting depth threshold. As shown in both figures  

 

Figure 3. Volume-based FROC curves for demonstrating the effectiveness of 

the proposed pooled mass probability map based mass detection. Note that 

3D multilevel thresholding is implemented by extending 2D multilevel 

thresholding to 3D domain. 
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Figure 4. Case-based FROC curves for demonstrating the effectiveness of the 

proposed pooled mass probability map based mass detection. 

Table 1. Comparison of detection performances by comparing the average 

number of false positives at achieving particular sensitivity. 

Sensitivity 

Number of FPs per DBT volume 

Volume-based Case-based 

Proposed 

method 

3D multilevel 

thresholding 

Proposed 

method 

3D multilevel 

thresholding 

75%  1.73 3.45 0.93 1.95 

91.67%  3.10 6.53 0.98 2.58 

 

and Table 1, the proposed detection approach considerably 
improves the mass detection sensitivity with relatively small 
number of FPs, compared to the 3D multilevel thresholding 
approach. These results indicate that the proposed mass 
detection is feasible for being applied to CAD system for 
detecting masses operated on 3D reconstructed slices. Fig. 5 
shows examples of the segmentation results. As shown in the 
figure, 3D multilevel thresholding method detect masses with 
some FPs. In the contrary, thanks to pooled mass probability 
map, proposed method correctly detects masses with very few 
FPs. These results indicate that proposed pooled mass 
probability map based mass detection could resolve the 
problem of error in detecting masses on reconstructed slices. 

 

Figure 5. Segmentation results of the proposed pooled mass probability map 

based mass detection method in comparison with those of 3D multilevel 

thresholding method. True masses are indicated by white arrow.  

IV. CONCLUSION 

In this paper, we proposed a novel mass detection in DBT 

reconstructed slices that only provide quasi-3D information 

with limited resolution along the depth direction. Comparative 

results demonstrate that the proposed approach considerably 

improves the mass detection sensitivity with relatively small 

number of FPs compared to the 3D multilevel thresholding, 

which is one of the conventional 3D segmentation approaches. 

These results can be mainly attributed to the fact that the 

proposed mass detection method utilizes the depth 

information to reduce FPs in reconstructed slices. For future 

work, we plan to design the additional FP reduction technique 

using texture information, which is incorporated into the 

proposed mass detection to develop the CAD framework.  
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