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Abstract
Purpose Detecting breast lesions using ultrasound imaging is an important application of computer-aided diagnosis systems. Several automatic methods have been
proposed for breast lesion detection and segmentation,
however, due to the ultrasound artifacts, and to the
complexity of lesion shapes and locations, lesion or tumor segmentation from ultrasound breast images is still
an open problem. In this paper, we propose using a lesion detection stage prior to the segmentation stage in
order to improve the accuracy of the segmentation.
Methods We used a breast ultrasound imaging dataset
which contained 163 images of the breast with either
benign lesions or malignant tumors. First, we used a UNet to detect the lesions and then used another U-Net
to segment the detected region. We could show when
the lesion is precisely detected, the segmentation performance substantially improves, however, if the detection
stage is not precise enough, the segmentation stage also
fails. Therefore, we developed a test-time augmentation
technique to assess the detection stage performance.
Results By using the proposed two-stage approach,
we could improve the average Dice score by 1.8% overall. The improvement was substantially more for images wherein the original Dice score was less than 70%,
where average Dice score was improved by 14.5%.
Conclusions The proposed two-stage technique shows
promising results for segmentation of breast US images,
and has a much smaller chance of failure.
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1 Introduction
As the most common form of cancer among women,
breast cancer affects more than 8% of women worldwide and its early detection is crucial to reduce corresponding side effects and mortality rate. If the disease
is detected soon enough, the patient can benefit from
different treatment options. However, accurate and reliable diagnosis which is the key for an early detection
should be developed to facilitate the treatment procedure. Therefore, computerized techniques with the advanced biomedical information technology have vital
importance and several computer-aided diagnosis systems have been developed for breast cancers and other
disorders [6].
Ultrasound (US) imaging is an effective tool for diagnosis and assessment of breast cancer. It is a low-cost
imaging modality without radiation and could widely
attract researchers and clinicians attention. Studies have
demonstrated that US images can discriminate benign
and malignant lesions [18, 1], and considerably decrease
the number of unnecessary biopsies for benign lesions.
Analysing US images is a skill and experience dependent, time-consuming and subjective task. Developing
automatic methods for US image processing is therefore important to aid in breast cancer detection and
lesion segmentation. Many automatic algorithms have
been proposed to segment the breast US images. Common conventional methods include thresholding-based
[8, 2], clustering-based [19, 14], watershed-based [7, 24]
and graph-based active contour models [10, 26]. Deep
convolutional neural networks have also been emerged
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as an efficient approach for segmentation of medical images [5], however, segmentation of US images is still a
challenging problem due to the speckle noise, intensity
inhomogeneity and low signal to noise ratio [9].
Among all convolutional networks developed for medical image segmentation, U-Net is one of the most successful architectures [17], and many other networks have
been proposed based on that. The U-Net architecture
consists of three sections: the contraction, the bottleneck and the expansion parts. The main contribution
of U-Net is the skip connections from contraction to
expansion path. The feature maps of contraction layers
are concatenated to the corresponding expansion layers.
This way, the features learned while contracting the image are used to expand the feature vector to reconstruct
the segmented image.
A common approach in image segmentation in general, and in breast US image segmentation in particular
is a two-stage strategy: first, locating the region of interest (ROI), and then segmenting the lesion in that
region. [2] for instance, located the tumor by the radial
gradient index filtering technique, and then segmented
the lesion using a region growing algorithm. Mathematical formulation of image features and support vector
machines have been also used to automatically find the
candidate regions of interests, and to generate tumor
seeds [19, 12].
Two-stage segmentation strategy using deep learning algorithms has been employed in computer vision
applications, and several object detection methods have
been proposed such as different variations of RCNN
[4], YOLO [15] and SSD [13] algorithms. Training such
large networks is tricky specially for the task of object
detection where there are tens of different objects to
detect in different locations, directions and postures. In
contrast, in medical applications, the task of object detection is much simpler than that of computer vision
applications, and therefore, the available object detection algorithms are too sophisticated to train and use
for medical images. Scarcity of labelled training data is
the main constraint for training such large and complicated networks.
In medical imaging, the two-stage approach has recently been employed to segment magnetic resonance
imaging (MRI) and computed tomography (CT) images, where similar or different network architectures
are used in two stages [16, 20, 25, 21]. In these papers,
the first stage could act either as a region detector or
just a feature extractor.
In this paper, we propose a two-stage segmentation
procedure for breast US images, where the lesions are
first detected, and then segmented. U-Net architecture
is used for both detection and segmentation networks,

Mina Amiri et al.

as it has been shown to train quickly and with very few
images. We hypothesize that by shrinking the candidate
region, the performance of the segmentation network
will improve. The contributions of our paper are as follows: 1) We propose a two-stage segmentation approach
for the first time for ultrasound images, and show that it
outperforms a single-stage U-Net by breaking the problem into two simpler problems. 2) We propose a validation method as a test time augmentation technique to
further improve the results. 3) We show that training
the two stages separately leads to better results than
jointly optimizing the two networks.

2 Materials and Methods
In this paper we propose using U-Net as a detection
network before the segmentation stage. To show the
impact of adding the detection stage to the segmentation workflow, we will compare the results of this twostage strategy with the results of one-stage strategy.
The two approaches are shown in Fig 1. In the onestage approach, the U-Net is trained using the whole
images and the desired output is the annotated mask.
However, in the two-stage approach, there are two networks; the first network is aimed to detect the location
of the lesion, and the second network provides a pixellevel segmentation of the detected lesion.

2.1 Dataset
We used the breast US dataset provided by [23] which
includes 163 B-mode US images with benign (110) lesions or malignant (53) tumors. The mean image size is
760 x 570 pixels. The average size of blocks containing
the lesions is 148 * 90 pixels. The smallest lesion is 35 *
17 pixels while the largest one is 405 * 281 pixels. Figure
2 represents some example images and their associated
ground truths. All procedures performed in studies involving human participants were in accordance with the
ethical standards of the institutional and/or national
research committee and with the 1964 Helsinki declaration and its later amendments or comparable ethical
standards. Informed consent was obtained from all individual participants included in the study.

2.2 Training procedure
We used 5-fold cross validation to assess the performance of the network. The images were randomly divided into 5 folds. The goal of this study is to segment pixels of images into the cyst and background.
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Fig. 1 Top: The one-stage approach, using one U-Net. Bottom: The two-stage approach using one U-Net for detection and
one for segmentation. Each blue box represents two convolutional layers. Red, green and blue arrows respectively represent
maxpooling, upsampling and copy-crop-concatenating. The purple arrows show the place of dropout (50%).

The five folds were selected randomly without taking
into account the size of the cysts. 4 out of 5 folds were
used for training the network, and the fifth fold was
used as the test set. This procedure was repeated for 5
times, so that all of the data were once considered as
the test set. US B-mode images and their corresponding ground truths were used to train the network. For a
faster convergence, we used the weights of a pre-trained
network as an initial point: We used a large two-class
dataset to pre-train the network [22]. It contained 10000
segmented images of three main categories of objects,
humans, and places. We selected this dataset for pretraining to have a similar segmentation problem with
only 2 classes to segment. Then, the U-Net is initialized
with pre-trained weights for US images. 20% of the images in the training set were considered as the valida-

tion set as a checkpoint to stop training. The stopping
criteria were either 200 epochs or no improvement in
validation set loss for 20 consecutive epochs.
For regularization, we used the dropout technique
with the rate of 0.5 after the contraction part. We implemented on-the-fly data augmentation techniques to
alleviate the problem of low number of images. We generated smooth deformations of images using random
and small degrees of shifting (with the shift range of
0.05 of the total length), rotating (random rotation in
the range of 0.2 degrees), zooming (random zoom in the
range of pm 0.05), and horizontal flipping. The activation function is ReLU for all layers except for the last
layer which is the sigmoid activation function. The loss
function is binary cross entropy as the original U-Net
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Fig. 2 Examples from the breast US dataset used in this study, and their corresponding masks.

paper and the network is optimized by Adam optimizer.
All images were normalized to [0,1].

2.3 The one-stage approach
We used the original U-Net architecture first proposed
by [17], which was recently shown to outperform many
more recent architectures in segmentation of US images [11]. The contraction part of the network consists
of blocks of two convolutional layers with ReLU activation, followed by a maxpooling operation (Fig 1).
The network is symmetric and there are blocks of two
convolutional layers in the expansion part followed by
upsampling operation. There are some skip connections
that transfer the information from the contraction part
to the expansion part by concatenating the learned features from the contraction part to the expansion part.
The first two convolutional layers include 64 filters. In
the contraction part, the number of filters multiplies by
two after each maxpooling operation and in the expansion part, the number of filters decreases by the factor
of two after each upsampling operation. The last layer
is a 1 x 1 convolutional layer with sigmoid activation to
map the feature vector to the interval of 0 and 1. We
used binary cross entropy loss function. For evaluation
purposes, the predicted masks were binarized using the
empirical threshold value of 0.5 so that pixels with the
value above or equal to 0.5 were considered as 1, and
pixels with the value below 0.5 were considered as 0.

2.4 The two-stage approach
In this paper, we propose the use of the same network (U-Net) for both ROI detection and segmentation stages for breast US images. The overall architecture of our proposed framework therefore consists of
two U-Net where the first network’s responsibility is to
detect where the lesion exists and the second network
segments the detected region. To train the first network
we developed a new ground truth based on the original ground truth: instead of the actual lesion shape,
we used the surrounding rectangle as the ground truth.
The network was then trained the same way we trained
the network in one-stage approach, e.g. applying 5-fold
cross validation with the same stopping criteria, pretrained weights, and the validation set ratio.
Then, the output of the first network was considered
as the input for the second network. The surrounding
rectangle of detected regions was cropped and fed to
the second network to be segmented. In both training
and testing, if for one single image, more than one distinct regions were detected by the first network, all of
the detected regions were considered as the input to the
second network (Fig. 3). If no candidate region was detected by the first network, the whole image would be
fed to the second network as the input image.
2.5 test time augmentation
The performance of the segmentation (the second network) obviously depends on how well the first network
could have detected the lesion region. If the first network detects the rectangle perfectly, then the second
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Fig. 3 Schematic of the proposed two-stage approach, when one or more than one regions are detected in the detection stage.

network will be able to segment the image accurately.
However, if the detection stage is not successful and the
lesion is missed or part of the lesion is not detected, the
second network will fail too. It is therefore necessary
to find a strategy to determine whether the detection
stage performs well and whether the detection results
are valid.
To evaluate this, we proposed using test-time augmentation technique in two different ways. First, by
augmenting the test data by shifting. If the detection is
done appropriately, by shifting the image for a few pixels we expect the detected region to shift in the same
direction. However, if the detection is fragile, the detected region is expected to change in an unpredictable
way. We therefore, shifted the image for ten different
values (-25, -20, -15, ..., 15, 20, 25 pixels) and examined how the detected region changed by shifting the
original image.
As the second method, we used the dropout technique at the test time. Dropout has been shown to represent the model uncertainty in deep learning [3]. By
employing dropout at the test time, the network is expected to generate slightly different results at each run.
If the variation between different runs for the same input is large, the result is considered uncertain. If the
model returns an output with high uncertainty, one may
decide to further validate it. Similar to the shifting procedure, we calculated the output of the detection network for each image in the test set, for 10 times keeping the dropout layer active at the test time. When
the uncertainty between different runs is low, the detection network is considered valid. We used Dice score
to measure the uncertainty between different runs. We
calculated the Dice score between the output of the net-

work when dropout layer is removed out and the output
of the network with active dropout layer. When both
methods declare the output as an invalid result, the
performance of the first network is considered invalid.

2.6 Evaluation
To evaluate the accuracy of the segmentation output
of the two above mentioned approaches, we used Dice
metric which is a measure of overlap between the segmented region and the ground truth defined as:
Dice score =

2T P
2T P + F N + F P

(1)

where TP is the total number of elements correctly predicted as the mask, FN is the number of elements in the
ground-truth mask that are not detected by the segmentation method, and FP is the number of elements
falsely detected as the mask by the method.

3 Results
To ensure the fairness of the comparison between the
two approaches, the same 5 fold subdivision of the data
was used to train and test both approaches. The average Dice score among the 5 folds for the one-stage
approach was 79.3 ± 3.1%. The average increase in the
Dice score using the two-stage approach without the
test-time augmentation step to validate the detection
network performance was 1.2 ± 4.5%.
To perform test-time augmentation, we shifted the
images as explained, and calculated the output of the
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detection network for these shifted images. Fig. 4 represents two example images with good and weak detection results. By shifting back the result images we
could calculate the Dice score between the detected regions and the original detected mask. The detection was
then considered valid, if the average Dice score between
the shifted images and the original detection was above
90%. We also used the dropout technique as the second approach to validate the performance of the detection. The detection was considered valid, if the average
Dice score between the original detection and 10 different runs was above 97%. If both of two techniques
confirmed invalid detection, the detection was considered invalid. The thresholds in test time augmentation
techniques are tuned on the training set. By only considering images with valid detection (77% of images),
the average Dice score was 86.5 ± 1.8%. The average
Dice score for the same subset of images using the onestage approach was 2.2% less than that of the two-stage
approach (84.3 ± 3.6%). Table 1 represents the results
of one- and two-stage approaches in different subset of
images.
When we used the original one-stage approach for
images with invalid detection, the overall Dice score
for all images was 81.1 ± 1.9% which is 1.8% higher
than the Dice score achieved by the one-stage approach.
This improvement in average Dice score was consistently seen in all five folds. It is also noteworthy that
separately training the two networks yielded better results. This can be due to the fact that very deep networks are difficult to train, and this proposed solution
can be viewed as a deep supervision approach.
In total, among all 163 images, the cysts were not
detected by either of the approaches in 5 images. The
cysts in 10 images were not detected using the onestage approach, among which 5 were detected by the
two-stage approach. For 3 of these detected cysts, the
Dice score is noticeably high (above 80%), while for the
other 2, the Dice score is below 50%. In only one image the Dice score was 0 by the two-stage approach and
above 0 by the one-stage approach. However, the detection procedure was not valid in this image according to
the test time evaluation method, and therefore the twostage approach was not considered valid for this image.
Fig. 5 shows some examples of images for which the
lesions were not detected by the one-stage approach.
We then categorized the images –based on the segmentation results of one-stage approach– into two groups
of weak and strong performance. We arbitrarily considered the Dice score of less than 70% including the images with undetected lesions (Dice score =0)) as weak
segmentation. In total, 32 of images had a Dice score
of below 70%, with the average Dice score of 34.2%.
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Detected regions

Shifted back regions

Fig. 4 Detected regions when the original image is shifted
for different number of pixels, and shifting back the detected
regions. Top: An example of a presumably good detection,
bottom: An example of a presumably weak detection.

Fig. 5 Examples of images wherein the lesion is not detected
by the one-stage approach. The lesion in the first example
(column) is not detected by the two-stage approach either.
The lesions of the second and the third examples are detected
with the proposed two-stage approach, with the Dice score of
33.9% and 86.8% respectively.
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Table 1 The average Dice score (%) for the two approaches in different set of images (* represents significant statistical
difference, p < 0.05)
Images with
valid detection*

Images with
invalid detection

Images with Dice
score > 70%

Image with Dice
score < 70%*

one-stage

79.3 ± 3.1

84.3 ± 3.6

69.6 ± 6.8

90.2 ± 1.4

34.2 ± 27.0

Two-stage

80.5 ± 2.1

86.5 ± 1.8

65.2 ± 6.0

89.9 ± 1.2

48.7 ± 34.2

Dice score (%), two-stage approach

All images
(no test-time augmentation)

4 Discussion and Conclusions

100

80

60

40

20

0
0

20

40

60

80

100

Dice score (%), one-stage approach

Fig. 6 The Dice score gained using the two-stage approach
when the Dice score of the one-stage approach is below 70%
(blue) or above 70% (green).

Using the two-stage approach the average Dice score
increased to 48.7%, and 16 of these images gained a
Dice score of above 70%, and only three of these 32
images had worse results when applying the two-stage
approach. Fig. 6 shows the obtained Dice scores using one-stage and two-stage approaches, for all images
with weak and strong results. As seen in Fig. 6, the
Dice improvement is partly due to the better segmentation of the two-stage approach and partly due to the
higher rate of detection in the images in which the cyst
is missed by the one-stage approach. Interestingly, if we
only consider images with a detected cyst by one-stage
approach, the average improvement in Dice score will
be 22.2%, which implies the higher impact of the former
factor.
For images with strong performance (Dice score above
70%), the average Dice score of the proposed two-stage
approach was slightly worse than that of the one-stage
approach (89.9 ± 1.2%vs. 90.2 ± 1.4%- Table 1). This
could be due to slightly incorrect ROI detection in the
first step (Fig.6).
Regarding the runtime of the network, we can process images using the two-stage approach with an average speed of 6.22 fps on a TITAN V GPU. Therefore,
this method can run in real-time.

The performance of the one-stage approach is satisfactory in the majority of images, and as illustrated, only
32 out of 163 images had weak segmentation results. By
using the proposed two-stage approach, we could substantially improve the performance for these kind of
images (Fig.6-left). For images with good segmentation
results, on the other hand, the two methods work quite
similarly, with the two-stage approach falling behind in
a portion of images, and outperforming in some other
images (Fig.6-right). Therefore, our proposed method
particularly helps improving the segmentation in images for which the one-stage approach fails.
In breast cancer screening, it is paramount not to
miss the lesion if there is any. Missing the tumor would
result in not pursuing the necessary treatment procedure, which may lead to severe consequences. We could
show that by using the proposed two-stage approach,
50% of the missed lesions were detected. Although, the
segmentation accuracy and the Dice score were not high
in all of these detected lesions, their detection per se
would help in better decision for the follow-up treatment.
Although, we could not reach excellent segmentation for all images, we proposed a method to distinguish
good and weak results using test-time augmentation, so
that we could be sure that at least in 77% of the images, the results were trustable. By using the proposed
method, we could considerably improve the Dice score.
Training a deep neural network requires a large amount
of data, which is particularly difficult to access in medical applications. Higher number of images would enhance the segmentation results. In this study, we included some pre-processing steps such as detection, detection evaluation and cropping before the segmentation, and we could show that by these steps the results of segmentation would improve. We expect that by
having more data, the detection network performance
would improve and consequently lead to better segmentation results.
In this study, we only analysed one breast US dataset.
Including more datasets can help generalize the conclusions of this study to other anatomical structures such
as heart and vascular system. Further investigation on
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other breast datasets as well as other anatomical regions is therefore necessary.
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