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Abstract. Convolutional neural networks (CNN) have shown to be effective in
medical image processing and analysis. Herein, we propose a CNN approach to
perform patch- and pixel-wise histology labeling on breast microscopy and
whole slide images (WSI), respectively. We devise a processing block that is
capable of extracting compact features in an efﬁcient manner. Based upon the
processing block, classiﬁcation and segmentation networks are built. Two networks share an encoder via partial transformation and transfer learning to
maximally utilize the trained network and available dataset. 400 microscopy
images and 10 WSI were employed to evaluate the proposed approach. For
patch classiﬁcation, an accuracy of 71% and 65% were obtained on the training
and testing dataset, respectively. As for segmentation, we achieved an overall
score of 0.7343 and 0.4945 on the training and testing dataset, respectively.
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1 Introduction
Breast cancer is one of the most prevalent causes of cancer-related death in women [1]
and early diagnosis signiﬁcantly increases the patient survival rate. In breast pathology,
manual histologic assessment of tissue specimens forms the gold standard for cancer
diagnosis, prognosis, and treatment. The manual process, however, not only limits
speed and throughput but also places a huge demand on clinical services. It also suffers
from substantial intra- and inter-observer variability [2]. Automated, robust, and precise
tools for analyzing tissues will, therefore, aid in improving breast pathology.
With the advent of high-resolution and cost-effective digital scanners, numerous
machine learning approaches have been applied to improve the analysis of digitized
tissue specimen images [3]. Recently, deep learning, in particular convolutional neural
networks (CNN), has been increasingly applied for pathology images [4, 5]. Its great
learning capability has been recognized and conﬁrmed by multiple applications such as
detection of mitosis [6], invasive ductal carcinoma [7], and metastases [8] in breast and
gland segmentation [5]. CNN approaches often fall into two categories: (1) region or
patch classiﬁcation and (2) segmentation (or pixel-wise classiﬁcation). Although the
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ultimate goal and overall structure (slightly) differ, both networks try to extract and
utilize high-level feature representation of tissues. The networks, therefore, could be
shared or transferred from one to the other. This may aid in overcoming the limited
availability of dataset and ground truth in image analysis of breast pathology.
In earlier CNN architectures, convolution and pooling layers are, in general, (repeatedly) stacked on top of each other, forming a processing block of the network such
as in VGG [12] and Unet [7], and shown to be effective in various tasks [13]. Later, a
more efﬁcient layout like residual blocks [14] further improves upon the performance
of CNN [15]. A processing block, however, often generates high-dimensional features,
i.e., the number of convolution kernels becomes much larger than the spatial dimension
of the input and convolution kernels. It is likely that the resultant feature maps are
redundant [9]. This redundancy not only decreases the learning capability of the network but also wastes memory storage. Therefore, a processing block that is able to
learn a set of compact and efﬁcient features will lead to a more efﬁcient and powerful
network.
In this manuscript, we present a deep learning approach for analyzing breast histology images at both micro-level (patch-based image classiﬁcation) and macro-level
(whole slide image (WSI) segmentation). Both breast image classiﬁcation and segmentation networks are built based upon identical processing blocks, which attempt at
producing high-level, compact feature representation of the breast images. Moreover,
the architecture and weights of the two networks are shared to maximally utilize the
networks and available dataset. The proposed networks have been evaluated using
tissue specimen imaging dataset provided by the ICIAR 2018 BACH Challenge.

2 Methodology
The proposed approach contains two networks: (1) a classiﬁcation network to conduct
patch-based image classiﬁcation and (2) a segmentation network to provide segmentation maps for WSI (Fig. 1).

Fig. 1. Overview of the proposed approach. A classiﬁcation network consists of an encoder and
two processing layers. A segmentation network contains an encoder and decoder.
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2.1
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Processing Block

A processing block (Fig. 2) is composed of three units: the top and the bottom units are
standard convolutions for spatial/feature dimensionality reduction; the unit in the
middle follows the design principle of DenseNet [10] where a series of convolutions
(designated as a sub-unit) are performed, each of which takes all the preceding inputs
via concatenation (called as feature re-use). Feature re-use is known to reduce the
number of parameters without losing the learning capability of the network. Each
sub-unit is designed to ﬁnd a more compact and structured feature representation by
conducting two convolutions with a dilation rate of 1 (standard) and 2 (dilated) [11];
the ﬁrst convolution is followed by a squeeze excitation (or self-gating) mechanism
[12] to facilitate dynamic feature selection; the second convolution adopts a
split-transform-merge strategy (or grouped convolution) [13] to improve feature correlation, leading to a more structured feature representation as well as a dilation rate of
2 to incorporate contextual information. In addition, the pre-activation [14] layout of
Batch Normalization – ReLU – Convolution is adopted for all the convolutions in the
proposed networks to ease the gradient flow during the optimization procedure. The top
unit of each processing block lacks ReLU [15].

Fig. 2. Layout of the processing block b2 in the encoder. GAP and AVP denote global average
pooling and average pooling, respectively.

2.2

Classiﬁcation Network

A classiﬁcation network is comprised of ﬁve processing blocks (called as “encoder”),
global average pooling (GAP) layer and fully-connected (FC) softmax layer (Table 1).
The middle unit in the ﬁrst processing block does not use the squeeze excitation.
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Table 1. Architecture of the proposed approach. [AVP, 17 x 17, 8] denotes the region-wise
squeeze excitation using average pooling (AVP) with kernel size of 17 x 17 and stride 8.

2.3

Segmentation Network

A segmentation network consists of an encoder and decoder. The encoder utilizes the
identical layout of the encoder from the classiﬁcation. Weights are also transferred from
the classiﬁcation network. The processing blocks, however, utilize a modiﬁed squeeze
excitation. In the classiﬁcation network, it excites the whole feature map in response to
a pertinent class, which contradicts with the segmentation task where a class label is
assigned per pixel. Pixel-wise excitation is not applicable since the intermediate output
does not preserve the exact location information of an object of interest. Alternatively,
a local, region-wise excitation, where GAP is replaced by average pooling (AVP) with
stride, is applied per feature map as illustrated in Fig. 2.
The decoder (Table 1) includes four processing blocks, each of which is followed
by a nearest neighbor resizing layer (up-sampling), instead of other popular techniques
such as deconvolution [4] or un-pooling [16]. Each processing block obtains two
inputs, one from the preceding layer in the decoder and the other from the encoder via a
skip connection [4, 16–18]. No squeeze excitation is employed. All the convolutions
use no padding and a stride 1.
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3 Dataset and Training Details
3.1

ICIAR2018 BACH Challenge Dataset

Hematoxylin and eosin (H&E) stained breast histology images are provided by
ICIAR2018 Grand Challenge on Breast Cancer Histology images (BACH).
Training Dataset. For classiﬁcation, 400 microscopy image patches that are labeled
as one of four classes (normal, benign, in situ carcinoma or invasive carcinoma; 100
images per class) are employed. Each patch is of size 2048 x 1536 pixels with the pixel
scale of 0.42 um x 0.42 um. For segmentation, 10 WSI images are used that was
acquired through Leica SCN400 with a pixel resolution of 0.467 um/pixel. Three
distinct regions are marked as benign (red), in situ carcinoma (green) and invasive
carcinoma (blue). The rest of tissues are considered to be normal (black). For both
tasks, the ground truth annotation was performed by two medical experts and those
image patches or WSI regions on which they disagree were not included.
Testing Dataset. A total of 100 image patches are used for classiﬁcation task. Each
path is of size 2048 x 1536. For segmentation, a total of 10 WSI images are utilized.
The ground truth annotation is blinded to the challenge participants.
3.2

Training Details

Classiﬁcation. The classiﬁcation network (encoder) is trained and evaluated via a
5-fold cross validation. The original image patches are down-sampled by a factor of 4
(scale x0.25) and then directly used to train the network without any additional preprocessing steps. During training, a random cropping, resizing [19], horizontal and
vertical flipping are applied for data augmentation. The network is initialized with He
method [20] and trained via Stochastic Gradient Descent for 120 epochs. The learning
rate is initially set to 3.5e−3 and decreases by a factor of 10 at every 60 epochs.
Segmentation. WSI dataset is massive and highly imbalanced. By resizing WSI at
x0.25 scale and manually sampling sub-regions, we sought to efﬁciently obtain the
segmentation network that is less biased. 6,129 sub-regions of size 1000 x 1000,
maintaining roughly the same number of regions per class and accounting for 17% the
total volume of the WSI dataset, are utilized for training. For each sub-region, the
center region of 630 x 630 is fed into the network to avoid the zero-padding during
augmentation, and the segmentation map is generated for the inner most central region
of size 204 x 204. Moreover, we re-use the weight of the encoder from the classiﬁcation network. He method [20] is used to initialize the decoder and the extended
layers. During training, random afﬁne transformations (shifting, scaling, rotation and
minor shearing) are applied to ensure the robustness of the network. Alongside the
(main) loss for the targeted four classes, an auxiliary loss is jointly computed, at the
same level as the main loss, to emphasize the closeness among the four classes; it is
computed via categorical cross-entropy for normal and benign group versus in situ and
invasive carcinoma group. The network is trained for 30 epochs using Adam optimizer
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with default parameter values. The learning rate is initially set to 3.5e−5 and reduced
by a factor of 10 at each subsequent 15th epoch.

4 Experimental Results and Discussion
4.1

Evaluation Metric

For classiﬁcation task, the overall prediction accuracy, which is the ratio of
correctly predicted patches to the total number of patches, is measured. As for segmentation task, the performance is assessed using the following formula s ¼ 1 
PN
jpredi gti j
i¼1
PN
where “pred” is the predicted class (0,
max
gt
0
;
gt
3
ð
j
j
j
jÞ½1ð1predi;bin Þð1gti;bin Þ
i
i
i¼1
1, 2 or 3), and “gt” is the ground truth class, i is the linear index of a pixel in an image,
N is the total number of pixels in an image and bin is the binarized value, i.e., is 0 if the
label is 0 and 1 if the label is 1, 2 or 3. This score aims at penalizing more the
predictions that are farther from the ground truth label (or value).
4.2

Classiﬁcation and Segmentation Performance

To evaluate the performance of the proposed networks, we conducted two separate
experiments per network. Each network was evaluated based upon the training dataset
and then tested on the testing dataset. The performance on the testing dataset was
evaluated by the challenge organizer. The testing results are available online at https://
iciar2018-challenge.grand-challenge.org/results/.
Classiﬁcation. In a 5-fold cross-validation on the training dataset, an average accuracy
of 71% with 6.4% standard deviation was obtained. By using the best model from the
5-fold cross validation, an accuracy of 65% was obtained on the testing dataset.
Segmentation. Trained on the manually selected sub-regions and tested on the
remaining regions, the network achieved an overall score of 0.7343 at x0.25 scale.
Tested on the testing dataset, we obtained a score of 0.4945 at x0.5 scale.

5 Conclusion
In this manuscript, we propose a CNN approach for micro-level and macro-level
analysis of breast tissue images. The two networks share the architecture and weights,
in particular the encoder in the network, to improve the utility of the trained network
and available dataset. Both networks are built based upon a processing block that is
designed for compact and efﬁcient feature learning. The future work will entail the
investigation of an optimal design of a processing block and CNN that can maximize
its memory capacity and learning capability and the extended study on other types of
tissues and disease.
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