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Simultaneous Segmentation and Classification of
Mass Region From Mammograms Using a
Mixed-Supervision Guided Deep Model

Tianyu Shen , Chao Gou , Member, IEEE, Jiangong Wang , and Fei-Yue Wang , Fellow, IEEE

Abstract—Automatic diagnosis based on medical imaging ne-
cessitates both lesion segmentation and disease classification. Le-
sion segmentation requires pixel-level annotations while disease
classification only requires image-level annotations. The two tasks
are usually studied separately despite the latter problem relies on
the former. Motivated by the close correlation between them, we
propose a mixed-supervision guided method and a residual-aided
classification U-Net model (ResCU-Net) for joint segmentation and
benign-malignant classification. By coupling the strong supervision
in the form of segmentation mask and weak supervision in the form
of benign-malignant label through a simple annotation procedure,
our method efficiently segments tumor regions while simultane-
ously predicting a discriminative map for identifying the benign-
malignant types of tumors. Our network, ResCU-Net, extends
U-Net by incorporating the residual module and the SegNet ar-
chitecture to exploit multilevel information for achieving improved
tissue identification. With experiments on a public mammogram
database of INbreast, we validate the effectiveness of our method
and achieve consistent improvements over state-of-the-art models.

Index Terms—Mixed-supervision, deep learning, segmentation
and classification, mammogram.

I. INTRODUCTION

BREAST cancer is one of the major forms of cancer among
women worldwide. Recent statistical results show that

breast cancer accounts for 30% of estimated new cases and 14%
of deaths [1] among all the cancers of the highest level. Early
detection and diagnosis of breast cancer are critical for increas-
ing treatment options and the survival of patients. Digital X-ray
mammography enables direct imaging of morphological breast
tissue and has become an essential imaging modality for breast
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cancer diagnosis. However, manual breast mass segmentation
or classification is time consuming and prone to human errors.
Automatic segmentation and classification to distinguish breast
cancer as either benign or malignant of mass in mammograms
can assist radiologists in the accurate diagnosis and clinical
treatment.

There are primarily two challenges for breast mass segmenta-
tion and classification in mammograms. Firstly, it is difficult to
generalize a specific and precise segmentation method suitable
for all phenotypic categories, because of the large variations
of the masses in terms of texture and location in the mam-
mogram with low contrast, ambiguous boundaries and strong
noise [2]. Secondly, for breast mass classification, a method
with high performance is expected to have a desirable ability to
distinguish between benign and malignant mass abnormalities,
which associate with strong irregularities of mass shape, size
and density [3].

In earlier studies involving mass segmentation, region grow-
ing [4], active contour [5], [6] and Markov random field (MRF)
methods [7] are some of the commonly used methods for auto-
matic breast mass segmentation in mammograms. As for mass
classification, most of conventional studies focus on utilizing a
set of hand-crafted or semi-automatic features, such as texture,
shape and margin features, to describe the characteristics of
masses. Then machine learning classifiers, such as support vec-
tor machines (SVM), fuzzy C-Mean clustering (FCM), decision
tree, K-nearest neighbor (KNN) and so on, are built based on
these selected features [8], [9]. However, these methods cannot
achieve an excellent performance for mass segmentation or clas-
sification, because the hand-crafted features depending on prior
knowledge have difficulty in handling complex shape variations
and texture distribution between the masses and surrounding
tissues.

With the significant breakthrough of deep learning (DL)
methods in a wide range of computer vision applications [10]–
[12], recent studies focus on utilizing deep convolutional neural
networks (DCNN) to achieve end-to-end mass segmentation or
classification based on automatically extracted deep high-level
features, which overcome the limitation of artificial designed
features and produce state-of-the-art performance in biomedical
image community [13]–[16]. The mostly used CNN models for
biomedical image segmentation include the fully convolutional
network (FCN) [17], SegNet [18] and U-Net [13]. And various
DCNN-based architectures have been proposed to diagnose a
disease by classifying its severity [14], [15], [19]–[21]. Also,
the DL models have been applied to X-ray mammography
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Fig. 1. Mixed-supervision guided pipeline for simultaneous lesion segmen-
tation and benign-malignant classification of breast mass in mammograms. We
enable mixed supervision through a combination of strong supervision in the
form of segmentation maps and weak supervision in the form of class label.

image analysis in lesion segmentation [22]–[25] and breast mass
classification [21], [26]–[29].

According to clinical experience, lesion segmentation and
benign-malignant classification for breast mass in mammograms
utilize similar features such as breast density, texture, mass shape
and margin. However, there is rarely a simple and efficient way
to achieve simultaneous end-to-end segmentation and classifica-
tion of mass while maintaining desirable accuracy and efficiency.
This work is motivated towards developing a simple and effi-
cient DL technique that performs joint mass segmentation and
classification of mass with favorable performance. In this con-
text, a conceptually simple method based on mixed-supervision
is presented and a residual-aided classification U-Net model
(ResCU-Net) incorporating the SegNet architecture is proposed.
We apply the mixed-supervision in several existing DL seg-
mentation models and proposed ResCU-Net, by coupling strong
supervision with weak supervision through low-cost input in the
form of segmentation mask and benign-malignant label. Exper-
imental comparisons are conducted on INbreast dataset [30].

The main contributions of our paper include: (1) We introduce
a novel mixed-supervision guided method, which can be applied
in common segmentation models and enable predicting a dis-
criminative mask for simultaneous segmentation and classifica-
tion of mass. (2) We propose a deep model named ResCU-Net by
extending U-Net with the residual module and the SegNet archi-
tecture for better multilevel feature extraction. (3) Quantitative
and qualitative experiments on INbreast database demonstrate
the effectiveness of proposed method in both segmentation and
classification compared with other state-of-the-art work.

II. METHOD AND MODEL

A. Mixed-Supervision Guided Pipeline

We present a mixed-supervision guided pipeline (Fig. 1)
composed of an automatic data preprocessing phase, model
training phase and testing phase for simultaneous end-to-end
mass segmentation and classification of mammograms.

In the data preprocessing phase, all of the masks are au-
tomatically filled with three grayscale levels based on their
corresponding category labels. The white, gray and black pixels

correspond to the malignant mass region, the benign mass region
and the normal breast tissue, respectively. Then, in the training
phase, the processed data are used to train the deep segmentation
models which are set up for three categories. In the testing phase,
the models with trained parameters are used to produce the
discriminative masks with category labels of test images. Finally,
the resulted segmentation map and diagnostic classification cate-
gory are inferred from the obtained discriminative mask (termed
as M ) based on a modified OTSU Threshold [31] as shown
in Algorithm 1. λ1 represents the threshold between mass and
normal breast tissue, and λ2 represents the threshold between be-
nign and malignant lesions. That is, normal class(background),
lesion class, benign class and malignant class are composed of
the pixel points whose grayscale ∈ [0, λ1], (λ1, 255], (λ1, λ2]
and (λ2, 255]. Nk, Sk, μk, ωk(k = 0, 1, 2, 3) denote the point
number, sum of grayscale, average grayscale and proportion of
the four classes, respectively. Then we caculate the inter-class
variances between normal and lesion class (termed as σ1) as
well as variances between benign and malignant class (termed
as σ2). The optimal values of λ1 and λ2 are determined by
maximizingσ1 andσ2. Therefore, the resulted segmentation map
is determined by the binarization of M using λ1. And The final
classification decision is as follows: {the breast mass is benign,
if ω2 > ω3; the breast mass is malignant, otherwise.}

B. ResCU-Net Model

In this work, we expect to obtain reasonably good perfor-
mance simultaneously in both tasks of segmentation and classifi-
cation, which is difficult for the existing deep segmentation mod-
els. Therefore, we propose a new deep model named ResCU-Net
that incorporates the U-Net and SegNet architecture aided by
residual block, as shown in Fig. 2.
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Fig. 2. The proposed ResCU-Net architecture. The upsampling operation is modified with pooling indices and the skip connections are modified with the residual
modules in Fig. 3. NoF denotes the number of convolutional filters in the residual module.

Fig. 3. Residual Module used in ResCU-Net. The module consists of two
common convolution modules and a skip connection.

The SegNet [18] is an encoder-decoder architecture that
adapts the VGG-16 network [32] and transfers pooling indices
from encoder to decoder instead of deconvolution layers for
up-sampling. The U-Net [13] architecture is also formed of
encoder and decoder in general except that skip connections
are added between mirrored layers in the encoder and decoder
stacks to capture multilevel information.

For the problem we consider, both the segmentation task and
the classification task require the model to be able to extract
deeper features concerning mass shape and margin. However,
these features would be easily lost in the usual encoder-decoder
networks, in which all the information flows through every single
layer.

The proposed ResCU-Net applies the VGG-16 architecture
with pooling indices inspired from SegNet and skip connections
from U-Net to capture all of necessary features and congregate
them to output pixel-wise probabilistic predictions. This inte-
grated structure convergences faster during training and achieves
a fairly good segmentation performance while reducing the
reliance on massive training data. Also, the skip connections
are ameliorated by applying the residual modules [33] instead of
straight-forward cropping and copying. Thus the depth of feature
maps is increased and both high-level features and low-level
features are extracted. The adopted residual module is shown in
Fig. 3. It can be defined as:

y = F (x, {Wi}) + x (1)

where x and y are the input and output vectors of the module.
{Wi} represents the parameter set to be learned in the residual
mapping F . Actually, the essence of residual network is equal
to ensemble learning. This improved skip connection promotes
the feature extraction capability of the network with a relatively
small increase in the quantity of parameters. Furthermore, 1× 1
convolutions are adopted in some layers to increase the number
of channels and nonlinearity of the decision function [32].

The energy function is computed by a pixel-wise sigmoid
function over the final feature map combined with the cross-
entropy loss function as defined as:

Lmce =
1

n

∑

i

(yi · ln (ŷi) + (1− yi) · ln (1− ŷi)) (2)

where y represents the ground truth mask and ŷ is the actual
output map of neurons. i denotes the ith training sample and n
is the number of training samples.

III. EXPERIMENTS AND RESULTS

A. Dataset Description

The INbreast [30] is a public mammographic dataset includ-
ing 112 breast mass images. They are cropped into 256 × 256
pixels size containing the mass ROI (region of interest). Ac-
cording to the Breast Imaging Reporting and Data System
(BI-RADS) [30], 75 masses with BI-RADs∈ {4, 5, 6} are clas-
sified as malignant while 37 masses with BI-RADs∈ {2, 3} are
classified as benign. We apply a 3-fold cross validation and the
samples are divided into three parts with the respective number
(38, 37, 37). The samples of different categories are divided as
equally as possible in each fold. The training set is augmented
by rotating and flipping in each fold of the experiment.

B. Implementation Details

To validate the efficacy of our proposed pipeline and ResCU-
Net model, we implemented FCN, SegNet, U-Net and U-SegNet
architectures to benchmark their performance on the INbreast
dataset. All the models in this study are implemented based
on Keras framework [34] and are tuned to achieve as good
performance as possible. The final settings are as follows: the
batch size is set as 8. The optimizer for updating the network
parameters is stochastic gradient descent (SGD) optimizer and
the learning rate is 0.01 with a decay of 1 × 10−6. Nesterov
momentum [35] with the value of 0.9 is adopted to speed up
the convergence while reducing fluctuations. The number of
epochs is set as 300. All training processes are performed using
an NVIDIA GeForce GTX 1080Ti GPU.

C. Results and Discussion

The segmentation performance is evaluated by overall ac-
curacy (Acc.), sensitivity (Sen.), specificity (Spe.), Dice co-
efficient, Jaccard index (Jac.) and MCC Matthews correlation
coefficient (MCC) as shown in Table I, while the classification
performance is analyzed by measurement metrics including
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TABLE I
SEGMENTATION PERFORMANCE OF RESCU-NET COMPARED WITH DL

SEGMENTATION MODELS WITH AND WITHOUT THE

MIXED-SUPERVISION (MS) STAGE ON THE INBREAST DATASET

TABLE II
CLASSIFICATION PERFORMANCE OF MIXED-SUPERVISION GUIDED

RESCU-NET COMPARED WITH MIXED-SUPERVISION GUIDED DL
SEGMENTATION MODELS ON INBREAST DATASET

Fig. 4. The performance comparison among mixed-supervision guided
ResCU-Net and DL segmentation models in terms of ROC curves and AUC
values on INbreast Dataset: (a) classification, (b) segmentation.

overall accuracy, recall (sensitivity), specificity, precision and
F1-score as shown in Table II. It can be observed that the segmen-
tation performance of the DL models is improved through the
addition of mixed-supervision. And mixed-supervision guided
ResCU-Net gives the best segmentation and classification per-
formance on the whole. Also, receiver operating characteristic
(ROC) curves and their AUCs (Area Under the Curve) are
adopted to evaluate the performance using different thresholds
λ1 and λ2 (mentioned in Section II-A) as shown in Fig. 4.
ROC curve is produced by a tradeoff between sensitivity and
specificity in a two-dimensional plane. Although ResCU-Net
does not perform the best at certain specific thresholds, it does
the best overall with an AUC of 96.16% for classification and
94.57% for segmentation. In Fig. 5, some visual results for
MS-ResCU-Net compared with other models on INbreast are
shown. It can be observed that the proposed model is capable
of not only correcting misclassified pixels in tumor regions
but also providing better segmentation boundaries and masks.
Furthermore, evaluations of Dice, overall accuracy and AUC

Fig. 5. Visualization of results for segmentation and classification on the
INbreast Dataset: (a) Input mass image, (b) Ground truth mask in the
form of mixed-supervision, (c) MS-FCN-8 s, (d) MS-SegNet, (e) MS-U-Net,
(f) MS-U-SegNet, (g) Proposed MS-ResCU-Net.

TABLE III
SEGMENTATION PERFORMANCE OF MS-RESCU-NET COMPARED WITH

STATE-OF-THE-ART METHODS ON INBREAST DATASET

TABLE IV
CLASSIFICATION PERFORMANCE OF MS-RESCU-NET COMPARED WITH

WTATE-OF-THE-ART METHODS ON INBREAST DATASET

value are compared with related mass segmentation and clas-
sification works on mammograms, as shown in Table III and
Table IV. Mixed-supervision guided ResCU-Net achieves the
best segmentation and classification performance with the Dice
of 91.78% and the overall accuracy of 94.12% on the INbreast
Dataset.

IV. CONCLUSION

Lesion segmentation and benign-malignant classification in
mammograms are important for the automatic diagnosis of
breast cancer. Motivated by the fact that the two tasks utilize
essentially similar features, we present a mixed-supervision
guided pipeline for simultaneous mass segmentation and classi-
fication. To address the challenge that the existing models cannot
provide reasonably good performance in both tasks, we further
propose a residual-aided classification U-Net model (ResCU-
Net). Experimental results on INbreast show the proposed MS-
ResCU-Net outperforms other state-of-the-art approaches on
both segmentation and classification tasks. In the future, we will
further investigate the improvement of model architecture, such
as the fusion of adversarial structure or graph model, to handle
the cases with bad performance.
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