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a b s t r a c t
Fully convolutional networks (FCNs) trained with abundant labeled data have been proven to be a powerful and eﬃcient solution for medical image segmentation. However, FCNs often fail to achieve satisfactory results due to the lack of labelled data and signiﬁcant variability of appearance in medical imaging.
To address this challenging issue, this paper proposes a conjugate fully convolutional network (CFCN)
where pairwise samples are input for capturing a rich context representation and guide each other with
a fusion module. To avoid the overﬁtting problem introduced by intra-class heterogeneity and boundary
ambiguity with a small number of training samples, we propose to explicitly exploit the prior information from the label space, termed as proxy supervision. We further extend the CFCN to a compact
conjugate fully convolutional network (C2 FCN), which just has one head for ﬁtting the proxy supervision without incurring two additional branches of decoders ﬁtting ground truth of the input pairs compared to CFCN. In the test phase, the segmentation probability is inferred by the learned logical relation
implied in the proxy supervision. Quantitative evaluation on the Liver Tumor Segmentation (LiTS) and
Combined (CT-MR) Healthy Abdominal Organ Segmentation (CHAOS) datasets shows that the proposed
framework achieves a signiﬁcant performance improvement on both binary segmentation and multicategory segmentation, especially with a limited amount of training data. The source code is available
at https://github.com/renzhenwang/pairwise_segmentation.
© 2020 Elsevier B.V. All rights reserved.

1. Introduction
Semantic segmentation is a classic computer vision task which
aims at predicting semantic labels for each pixel of an image so as
to partition the image into meaningful objects. In medical image
analysis, semantic segmentation plays an important role in quantitative measurement of volume and shape, and preliminary preprocess of computer-aided detection pipelines (Litjens et al., 2017).
Beneﬁtting from the recent advancement of fully convolutional
networks (FCNs) (Long et al., 2015), deep learning based medical
image segmentation approaches (Ronneberger et al., 2015; Milletari
et al., 2016) have attracted vast attention and achieved great success in many scenarios (Hesamian et al., 2019).
Despite achieving great success, current medical image segmentation still faces some challenges deserving broad attention. First,
the success of deep segmentation models is mostly attributed to
a large number of training data. Gathering pixel-level annotations
of medical images, however, is very diﬃcult because the man-
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ual delineation process is expertise-required and time-consuming.
To address this issue, several remarkable techniques have been
adopted, including data augmentation (Ronneberger et al., 2015;
Pereira et al., 2016; Christ et al., 2016; Dong et al., 2017) and pretraining models (Tajbakhsh et al., 2016; Wu et al., 2017; Zhou et al.,
2019; Chen et al., 2019). Data augmentation methods directly enlarge the amount of training data by adopting a set of aﬃne/elastic
transformations (Pereira et al., 2016; Ronneberger et al., 2015) and
appearance adjustment (Christ et al., 2016; Dong et al., 2017). However, augmented samples have a strong correlation with the original ones and different augmentation methods usually yield unstable results in different segmentation scenarios. Pre-training tricks,
subordinated to transfer learning, usually ﬁne-tune the network
trained on general images (Tajbakhsh et al., 2016; Wu et al., 2017)
or medical images (Zhou et al., 2019; Chen et al., 2019). Although it
has been proven that the segmentation performance can be signiﬁcantly improved compared with random initialization, pre-training
implies that the architecture of model has been completely or partially determined, which may take adverse effects when the source
and target images suffer from a large domain shift.
Second, and more typically, the intra-class heterogeneity and
boundary ambiguity of the target object are still big challenges in
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space (dubbed proxy supervision). Concretely, we adopt a Siamese
architecture, referenced as conjugate fully convolutional network
(CFCN), which includes two identical parallel branches with each
taking one sample and outputting the corresponding mask probability map. Beneﬁtting from training on pairs, the training samples are quadratically augmented so as to alleviate the overﬁtting
issue of the network compared to the traditional FCNs. To address
intra-class heterogeneity and boundary ambiguity, CFCN introduces
one more sub-network to ﬁt the proxy supervision that is derived
from a function of the ground truth of input pairs. Considering
that medical image segmentation is a location-aware task where
the relative position of the anatomical structure is very important
for locating the target object, the proxy supervision utilizes logical
operations, including logic AND and logic XOR, to establish the correlation of the two input samples at the same location. In this way,
the logic AND can improve predictive conﬁdence to eliminate intraclass inconsistency through comparison learning, and logic XOR can
improve the exposure of pixels lying in the target boundary to encode the shape prior. Interestingly, with the formulated logical relation, we can remove both decoders in the Siamese structure to
avoid directly ﬁtting the ground truth segmentation, but just preserve the sub-network for ﬁtting the proposed proxy supervision
only (dubbed compact conjugate fully convolutional network, and
abbreviated as C2 FCN). We can utilize the learned logical relation
implied in proxy supervision to infer the segmentation probability
of the target objects in the test phase. Under the premise of ensuring performance, our C2 FCN can use any off-the-shelf segmentation network to implement pairwise segmentation with a negligible number of additional parameters.
The main contributions of this paper are mainly three-fold:

Fig. 1. Examples show the intra-class heterogeneity and boundary ambiguity in
medical imaging, visualized with two abdomen CT images (ﬁrst row) and two abdomen MR images (second row). Blue and red rectangles denote heterogeneous
appearance and ambiguous boundary, respectively. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of
this article.)

medical image segmentation (Wang et al., 2019; Hesamian et al.,
2019), as shown in Fig. 1. Actually, the anatomical structures or
lesions are generally very heterogeneous in size, shape, and location from patient to patient. Even in one single target, local contexts are usually very different. Besides, the ambiguous boundary
is a known inherent imaging challenge where in-between target
organs and the neighboring tissues have a low contrast (Hesamian
et al., 2019; Xie et al., 2017), which usually occurs during imaging,
such as attenuation coeﬃcient in Computed Tomography (CT) and
relaxation time in Magnetic Resonance Imaging (MRI) (Dou et al.,
2017; Kronman and Joskowicz, 2016). Increasing the quantity of
training data may be the most direct way to alleviate this problem;
however, acquiring large amount of manually annotated training
data is not realistic. Data augmentation and pre-training tricks
are also not ideal for solving this problem, since the former may
magnify the intra-class inconsistency when enlarging the training
pool and the latter only focuses on extracting general instead of
speciﬁc features for the target task. Exploiting hard-to-recognize
pixels, like weighted loss function (Ronneberger et al., 2015) and
cascade network (Wu et al., 2017), seems to be a feasible strategy
to address this challenge; however, its performance tends to be
degenerated when there is a limited amount of training data.
To address the two aforementioned issues, a feasible solution is
to combine data augmentation and weighted loss function, just like
U-Net (Ronneberger et al., 2015) does. Aside from this ensemble
strategy, a natural question is whether we can achieve it through a
uniﬁed network architecture. We suspect that embedding the prior
knowledge into deep models may be a feasible strategy, although
current methods are mainly focusing on modeling manifolds of target objects (Chen et al., 2016; Ravishankar et al., 2017b; Araújo
et al., 2019; Ravishankar et al., 2017a; Mosinska et al., 2018). Actually, all the objects in medical images/volumes, not only the ones
to be segmented, usually lie in a low-dimensional manifold and
modeling the intrinsic relations of them is of great signiﬁcance for
segmentation. For example, in liver segmentation, the relative positions of the surrounding organs are very important for locating the
liver and helpful to the liver segmentation. Based on this prior information, we aim to address both the aforementioned issues with
a unique pairwise learning framework.
The proposed pairwise segmentation framework is based on
the paradigm that a pair of samples is taken as input and jointly
segmented in the network, and one more additional output is
involved to explicitly learn the prior information from the label

•

•

•

we propose a new pairwise segmentation framework to address
medical image segmentation with limited training data, intraclass heterogeneity and boundary ambiguity in medical imaging
using a uniﬁed network architecture.
we propose a proxy supervision which explicitly encodes the
prior information from the label space and acts as global constraint on the network in the training phase.
we propose a new segmentation paradigm through C2 FCN with
more concise architecture beyond CFCN, which learns the logical relation of the input pair in the training phase only, and
infers the segmentation probability from the learned logical relation in the test phase.

This paper is extended from our preliminary work in
(Wang et al., 2019), and the main extension includes:
•

•

We extend the proposed CFCN to a general pairwise segmentation framework, for which we present concrete mathematical
formulation. Moreover, we extend CFCN from binary segmentation to multi-category segmentation, which is demonstrated
with additional multi-organ segmentation.
We further propose a compact architecture C2 FCN, which is a
slim version of CFCN as the number of parameters and the
computational overhead are largely reduced during training, yet
the segmentation performance is comparative or even better
especially in alleviating overﬁtting issues against CFCN on all
our segmentation experiments.

The rest of the paper is organized as follows. Section 2 describes related works. Section 3 presents the proposed pairwise segmentation framework as well as implementation details.
Section 4 demonstrates experimental results and the ﬁnal discussion and conclusion is summarized in Section 5.
2
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2. Related work

2.2. Deep prior knowledge modeling

2.1. Deep pairwise learning

There are some remarkable works for modeling the manifold
or prior knowledge underlying the target objects. One group leverage the intrinsic relations among the same category of pixels to
improve the performance of FCNs. For example, a dense conditional random ﬁeld (CRF) was attached to the FCN as a postprocessing step (Chen et al., 2017) or jointly trained with the FCN
(Zheng et al., 2015) to preserve the boundary of the target objects.
Similarly, Liu et al. (2017) proposed a spatial propagation network
to learn an aﬃnity matrix for modeling dense, global pairwise relationships of an image, and Ke et al. (2018) proposed an adaptive
aﬃnity ﬁeld to encode spatial structural information and geometric
regularities through the label relations in the training process.
Another group of methods improve the segmentation performance of FCNs by explicitly or implicitly modeling high-order
prior knowledge in-between different objects in medical images/volumes, such as shape and topological structures. Typically, Chen et al. (2016) took gland objects and contours as
auxiliary information under a multi-task learning framework to
boost the gland segmentation from histology images. To model
the shape manifold space and correct topological incoherency
of segmentation networks, a non-linear shape model pre-learned
by convolutional autoencoder (CAE) (Ravishankar et al., 2017b)
and a topology coherence model learned by variational autoencoder (Araújo et al., 2019) were respectively incorporated in
an FCN. Ravishankar et al. (2017a) proposed a novel framework
based on deep learning to jointly learn the foreground, background and shape to improve segmentation accuracy. BenTaieb and
Hamarneh (2016) proposed a topology-aware loss to train the
FCN for coding geometric and topological priors of containment
and detachment on histology gland segmentation. A similar idea
(Mosinska et al., 2018) was used to capture higher-order topological features of linear structures, where the topology-aware loss was
constructed by the response of selected ﬁlters from a pre-trained
VGG19 network (Simonyan and Zisserman, 2014).
Different from the two groups of methods, we encode the prior
knowledge through a global function of ground truth of input pairs,
and focus on both local context and global shape priors.

Deep pairwise learning, also known as Siamese network, was
ﬁrstly introduced by Bromley et al. (1994) in the signature veriﬁcation application. Subsequently, pairwise neural network models
were extensively applied in computer vision, including face veriﬁcation (Chopra et al., 2005; Taigman et al., 2014), image matching (Zagoruyko and Komodakis, 2015; Singh and Lee, 2016), object
tracking (Tao et al., 2016; Bertinetto et al., 2016), ﬁne-grained classiﬁcation (Zhang et al., 2018; Dubey et al., 2018), and visual cosegmentation (Li et al., 2018a; Chen et al., 2018a; Banerjee et al.,
2019; Lu et al., 2019). Among these works, co-segmentation are
closely related to our approach as they both take a pair of samples
as input and predict pixel-level masks for segmenting meaningful
objects. However, there are at least two major differences between
our method and co-segmentation. First, our method falls into semantic segmentation where the task consists of the training and
test phases, which requires annotated training data to learn the
model in training, and segment the target in test images during the
test phase. In other words, the target object could be segmented
in test if and only if such category samples are annotated in training samples and the semantic concepts they stand for have been
learned by the model in training. Comparatively, co-segmentation
aims to discover objects commonly appearing in multiple images,
where the input of the model is more than one image and the
co-occurring objects are annotated in training, which enables the
model to learn whether the input images have co-occurring objects and segment them. Second, methods of semantic segmentation cope with multiple known categories in training and test
phases. In contrast, co-segmentation usually works on multiple images to predict whether the segmented pixels belong to a single
yet unknown category.
Regardless of the application scenarios, the aforementioned
works mainly fall into two categories, namely metric-learning
methods (Bromley et al., 1994; Chopra et al., 2005; Taigman et al.,
2014; Zagoruyko and Komodakis, 2015; Singh and Lee, 2016; Tao
et al., 2016; Bertinetto et al., 2016; Zhang et al., 2018; Dubey
et al., 2018; Banerjee et al., 2019) and feature interaction methods
(Li et al., 2018a; Chen et al., 2018a; Lu et al., 2019). The former
methods adopt such a strategy where the two streams of Siamese
networks, respectively, extract the features of input pairs, and
then use the features to compute a similarity metric or to learn
a similarity metric with an additional network. For example, in
(Bromley et al., 1994), two sub-networks were adopted to extract
features from two signatures, and the two branches of features
are then used to learn a metric to predict whether the input
signatures are from the same class. The latter methods directly
adopt a Siamese structure to capture the relationship between
two feature streams, which utilizes the information shared across
them and enables them to mutually learn from each other. For
example, Li et al. (2018a) employed a mutual correlation layer
to compute localized correlations for highlighting the common
objects. Chen et al. (2018a) adopted a similar way where an
attention module was used to select the semantically related
features for image co-segmentation. Lu et al. (2019) proposed
a global co-attention mechanism to model inherent correlation
among video frames for video object segmentation. Although our
method introduces an additional sub-networks (dubbed fusion
net) except for two Siamese sub-networks, like metric learning
methods (Zhang et al., 2018; Banerjee et al., 2019), our method
mainly focuses on exploiting prior knowledge from the label space
through a global operator, and the fusion net plays the role for
bridging the feature space and the label space by ﬁtting the global
operator.

3. Methodology
Given a training dataset D = {(xi , yi )}N
of Nsamples, xi ∈
i=1
RH×W is the i-th sample with height Hand width W,and yi ∈
{0, 1}H×W ×K is the associated label over Kclasses. Different from the
traditional semantic segmentation aiming at training a model that
predicts the target segmentation with a single input, the proposed
pairwise segmentation framework takes sample pairs as input and
synergistically segment them through the CFCN model f,which can
be formally formulated as

f ( xi , x j ; W ) = ( yi , y j , yi j ),

(1)

where Wis the parameters of f,and yi j is the proxy supervision derived from a user-designed function g proxy to explicitly exploit the
prior information from the mask yi and y j ,i.e.,

yi j = g proxy (yi , y j ).

(2)

From the point of network optimization, proxy supervision can be
regarded as a global constraint on the network to ﬁt inherent prior
knowledge explored by g proxy .
3.1. Conjugate fully convolutional network
In the following sections, we present the details of the proposed
pairwise segmentation network CFCN and introduce the proxy supervision g proxy to model location correlation and shape prior for
3
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Fig. 2. The framework of the proposed conjugate fully convolutional network,
where the two encoders share the same architecture and parameters, so do the
two decoders. The black solid line arrows show the forward propagation, and the
red dotted line arrows mark the gradient ﬂow direction of the back propagation.
Note that only one segmentation branch (the shaded part) is required for the inference phase. (For interpretation of the references to colour in this ﬁgure legend, the
reader is referred to the web version of this article.)
Fig. 3. The illustration of the proxy supervision implemented by logical operation
between input pairs for addressing intra-class heterogeneity and boundary ambiguity. The logical operation ∧and denote logic AND and logic XOR, which result in an
intersection map marked in blue and a difference map marked in red, respectively.
(a) Intra-patient pair, the proxy supervision between two slices from the same case;
(b) Inter-patient pair, the proxy supervision between two slices from different cases.
(For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

addressing the challenges arisen by intra-class heterogeneity and
boundary ambiguity.
3.1.1. Network architecture
As illustrated in Fig. 2, the CFCN model consists of three parts:
two conjugate sub-networks made up of an encoder and a decoder,
with each for segmenting one single sample of an input pair, and
a fusion net for learning the proxy supervision.
The two conjugate sub-networks employ two identical FCNs
with encoder-decoder architecture, e.g., U-Net (Ronneberger et al.,
2015) and DeepLabv3+ (Chen et al., 2018b). To capture the intrinsic
relations of pairwise input and encode the manifold of target objects, the two sub-networks share the same weights in the encoder
and decoder layers, which implies that the features captured by
CFCN should be suﬃcient to represent the target object and robust
for distinguishing background. In this paper, in order to reduce the
number of parameters and improve computation eﬃciency, we further adopt a conjugate DeepLabv3+ with a ResNet-18 backbone,
which contains four residual blocks with 18 layers in total.
The fusion net takes the element-wise sum of the features (lying at the same layers) of two conjugate sub-networks from one or
more layers as input, in order to capture the location-aware representation under the proxy supervision. In this paper, the proposed
fusion net exploits two streams of input, including low-level features from the ﬁrst residual blocks of ResNet18 and high-level features from the decoder of two conjugate sub-networks. (For simplicity, we only show one stream of input to the fusion net in
Fig. 2.) To adaptively learn global context information for ﬁtting
the proxy supervision, we specially design a fusion net. Inspired
by Yu et al. (2018), we adopt a channel attention block to reﬁne
the low-level features, and further element-wisely add the resulting features to the high-level features. Then, the features are fed
into a 3 × 3convolutional layer and bilinearly up-sampled to the
same size as output corresponding to the proxy supervision maps.

As Fig. 1 shows, we revisit the aforementioned challenges in
medical imaging: 1) Intra-class heterogeneity, i.e., the target objects in different images/volumes share the same semantic label
but different appearances. For example, in liver segmentation, both
individual anatomy variability and imaging device difference can
result in intra-class heterogeneity. Especially with limited training data, the network is sensitive to intra-class inconsistency and
prone to overﬁtting. 2) Boundary ambiguity, where in-between target organs and the neighboring tissues suffer from a low contrast,
which usually occurs during imaging. Since the traditional FCN in
this scenario is over-parameterized, it tends to perform well on
the training dataset while poorly on the test dataset. Thus, how
to trade-off between exactly modeling the manifold of target objects and robustly representing the individual difference is the key
of the proxy supervision.
Inspired by the human-like comparison learning, we utilize logical operations, including logic AND and logic XOR, to establish
the correlation of the two input samples at the same location for
addressing the intra-class heterogeneity and boundary ambiguity.
Formally, logic AND is to make the pixels, belonging to the target
object at the same location, respond to one single mask map, i.e.,

y1i j = yi ∧ y j ,

(3)

where ∧is the element-wise logic AND operation. Logic XOR is to
make the pixels, only one belonging to the target object at the
same location, respond to one single mask map, which can be
achieved by element-wise logic XOR operation on groundtruth
maps yi and y j ,i.e.,

3.1.2. Proxy supervision
As aforementioned, proxy supervision is a global constraint on
the network, which can be employed to reﬁne the network by designing g proxy . Although the form of g proxy is general, we hope that
g proxy explicitly models task-related prior knowledge. To this end,
we study the challenging issues arisen by intra-class heterogeneity and boundary ambiguity with a handful of training samples on
medical image segmentation.

y2i j = yi  y j .

(4)

As shown in Fig. 3, the blue region denotes the proxy supervision y1i j and the region masked in red denotes proxy supervision
y2i j . Speciﬁcally, Fig. 3(a), shows the proxy supervision between two
slices from the same case (an intra-patient pair), and Fig. 3(b)
shows the proxy supervision between two slices from different
4
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cases (an inter-patient pair). In the training phase, a slice is paired
with different intra/inter-patient slices, and each pixel’s label is determined by itself and the other pixel from its paired slice (at the
same location). In other word, its label change dynamically according to its paired pixels. During training, the network is trained under the guidance of the proxy supervision, which discriminates the
following three scenarios for binary segmentation: the two pixels
are from the target object simultaneously, there is only one from
the target object, they are both from background. This indicates
that ﬁtting the aforementioned proxy supervision requires to discriminate the logical correlation of paired pixels through such a
comparison learning, thus the predictive conﬁdence will be improved and a misclassiﬁed pixel may be corrected by different
paired pixels (a slice may be paired with different slices) to alleviate the intra-class heterogeneity.
As for boundary ambiguity, we know that accurately modeling manifolds of target objects is a potential solution to address
it. Therefore, we propose to sample the intra-patient pairs with a
small interval along the axial direction, where the exposure of pixels lying in the target boundary is improved and the difference of
the masks helps encode the shape prior (see Fig. 3(a)). Speciﬁcally,
we employ the proxy supervision g proxy to model the shape prior in
an end-to-end training manner, which ultimately assists the network to distinguish ambiguous boundary.
Taking liver segmentation as an example, we consider y1i j and

Fig. 4. The framework of the proposed compact conjugate fully convolutional network. The network has two identical encoders with shared parameters, and only
one branch for ﬁtting the proxy supervision. Note that a plain decoder, same as the
baseline (e.g., DeepLabv3+ (Chen et al., 2018b) in this paper), is used in this branch
for modifying the baseline as little as possible, which differs from CFCN that employs a tailored fusion net. The black solid and red dotted line arrows show the forward and backward propagation, respectively. In the test phase, the segmentation
probability map is inferred according to Eq. (12). (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of
this article.)

y2i j as an integration, and then the overall proxy supervision

yi j = {y1i j , y2i j }can be implemented by an additional 3-category
segmentation task, where the target label map consists of three
channels, including the intersection of background, the intersection of the target objects y1i j and the difference of the target objects

be self-suﬃcient for the segmentation. Therefore, only one subnetwork is required in the test phase (see Fig. 2) and the additional
fusion branch is also removed.

y2i j ,respectively. For multi-category segmentation, the extension
is natural where the maps of the proxy supervision are twice
the number of categories and the ﬁtting of the proxy supervision
is multi-label segmentation (the reason is that a pixel of the
proxy supervision may have two labels simultaneously) instead of
multi-class segmentation.

3.2. Compact conjugate fully convolutional network

3.1.3. Training and inference
The objective function of pairwise segmentation can be formulated as

where the image space and the label space are bridged by a pairwise segmentation network f,and the proxy supervision operator
g proxy acts as global constraints for exploiting the prior knowledge.
Although CFCN model achieves signiﬁcant performance improvement compared with the corresponding baseline, it also brings
about the increase of model parameters. In fact, CFCN has large
model redundancy because only part of the network parameters
is used in the inference process, and the network is asymmetric,
i.e., f (xi , x j ; W ) = f (x j , xi ; W ). A bold yet natural strategy to improve CFCN is to use any off-the-shelf network constrained by an
appropriate proxy supervision to implement pairwise segmentation, which means the pairwise segmentation network just has one
head for ﬁtting the proxy supervision, where the two branches of
decoders ﬁtting ground truth of the input pairs are removed from
the Siamese structure, as shown in Fig. 4. The formulation is

min E(W ) =
W







L ( yi , y j , yi j ), f ( xi , x j ; W ) ,

3.2.1. Architecture
Revisiting the pairwise segmentation framework and combining
Eq. (1) and Eq. (2), we have



(5)

i, j

where L(·, · )is the loss function to measure the error between the
output of CFCN model f and the overall supervision constituted by
yi ,y j and yi j . Since the output f (xi , x j )consists of three branches of
segmentation maps (denoted as pi ,p j and pi j for convenience) corresponding to the two ground truth of paired inputs yi and y j ,and
the proxy supervision yi j ,respectively, the CFCN can be viewed as
a multi-task model. More speciﬁcally, the loss function Lcan be
rewritten as





L ( yi , y j , yi j ), f ( xi , x j ; W ) = L1 ( yi , pi ) + L2 ( y j , p j )
+λL proxy (yi j , pi j ),



f (xi , x j ; W ) = yi , y j , g proxy (yi , y j ) ,

f (xi , x j ; W ) = g proxy (yi , y j ),

(6)

(7)

(8)

where the two essential properties, i.e., reﬂexivity and symmetry
are simultaneously strengthened.
Reﬂexivity: The reﬂexivity indicates that when the input pair
consists of the same sample, the network can output the objects
corresponding to its ground truth. Under this rule, we have

where L1 ,L2 and L proxy refer to the pixel-level segmentation losses
for measuring the error between yk and pk , k = i, j, i j,respectively,
and λis a user-preset weight used to balance the contribution of
losses between input pairs and the proxy supervision. In this paper,
we adopt the Dice loss for L1 and L2 ,and the multi-class Dice Loss
for L proxy ,and preset λto 2.
The proposed CFCN is trained in an end-to-end manner with
all three branches updated simultaneously. As the input pairs are
randomly selected during the training phase without any particular contextual order, either of the two conjugate branches should

f ( xi , xi ; W ) = yi .

(9)

Symmetry: The symmetry signiﬁes that the network is invariant to the ordering of pairwise inputs

f ( xi , x j ; W ) = f ( x j , xi ; W ).
5
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As our proxy supervision operator g proxy is predeﬁned, the symmetry rule just requires the network invariant to input permutation
and a simple strategy is to aggregate the information of each input
using a simple symmetric function (Zaheer et al., 2017; Qi et al.,
2017). Speciﬁcally, we employ a fully parameter-shared encoder
fen (·; W1 )to capture features of the pairwise inputs, respectively,
and aggregate the features with a permutation-invariant aggregation operation (such as element-wise sum operation and elementwise max operation), and then the resulting features are fed into
the decoder fde (·; W2 )to ﬁt the proxy supervision. This can be formulated as





f (xi , x j ; W1 , W2 ) ≈ fde fen (xi ; W1 )  fen (x j ; W1 ); W2 ,

we ﬁrst substantiate the effectiveness of our proposed framework
for the pathological liver segmentation. Second, we further experiment with multi-modal MR images for multi-organ segmentation. All experiments are implemented with the PyTorch framework (Paszke et al., 2017) running on two NVIDIA GTX 1080 Ti
graphics cards.
4.1. Datasets and evaluation criteria
4.1.1. Datasets
For pathological liver segmentation, we evaluate our method
on the public benchmark dataset of the Liver Tumor Segmentation Challenge Dataset1 (LiTS) (Bilic et al., 2019), which consists of
201 contrast-enhanced abdominal CT volumes acquired by different scanners and protocols from multiple clinical sites. The dataset
has a largely varying in-plane resolution from 0.55 mm to 1.0 mm
and slice thickness from 0.45 mm to 6.0 mm. Since the challenge
organizers only provided a subset of 131 volumes with manually
labelled liver masks, we perform all our experiments on this subset.
As for multi-organ segmentation, we evaluate our method
on Combined (CT-MR) Healthy Abdominal Organ Segmentation2
(CHAOS) for segmentation of four abdominal organs, including
liver, spleen, right kidney, and left kidney, from MRI images. In
this paper, we use the second dataset (Abdominal MRI Dataset) of
CHAOS to evaluate our method. This dataset was acquired by a 1.5T
Philips MRI scanner with two different sequences, i.e. T1-DUAL (inphase and out-phase) and T2-SPIR, each of which has 40 volumes
(20 volumes of each sequence containing manually labelled ground
truth) acquired to scan abdomen using different radio frequency
pulse and gradient combinations. On average, each volume has 36
slices with a slice size of 256 × 256pixels. To substantiate the robustness and generalization capability of the proposed framework,
the in-phase and out-phase of T1-DUAL are simply considered as
two different modalities, together with the T2-SPIR, which constitute a three-modality dataset, termed as Sub-CHAOS in this paper.
We perform all the multi-organ segmentation experiments on the
Sub-CHAOS over 5-fold cross-validation.

(11)

where denotes a permutation-invariant aggregation operation.
The next cornerstone is how to predeﬁne the proxy supervision to train the network to satisfy the reﬂexivity and the
symmetry. According to the Eqs. (8)-(10), the proxy supervision
g proxy should be such a function that makes yi and y j satisfy the
consistent relation, i.e., 1) reﬂexivity g proxy (yi , yi ) = yi ; 2) symmetric g proxy (yi , y j ) = g proxy (y j , yi ). Revisiting the proposed proxy supervision in Section 3.1.2, the logic ANDoperation obviously satisﬁes the reﬂexivity and symmetry; however, the logic XOR operation only satisﬁes the symmetry but not reﬂexivity (y2i j = yi  yi =

0). Actually, for the proxy supervision yi j = {y1i j , y2i j }proposed in
Section 3.1.2, we have g proxy (yi , yi ) = {yi , 0}. According to Eq. (8),
we can get a slice’s ground truth when it is taken as input for both
branches of the network f,i.e.,

f ( xi , xi ; W ) = {yi , 0}.

(12)

Therefore, the proxy supervision proposed in Section 3.1.2 can be
reused for training the one-head network f by minimizing the following objective function

min E(W ) =
W







L yi j , f ( xi , x j ; W1 , W2 ) ,

(13)

i, j

and in the test phase, the segmentation probability maps are inferred according to Eq. (12). Concretely, we just input a pair of the
same slice (i.e., xi = x j ) and leverage the partial output maps ﬁtting the logic ANDproxy supervision to predict the segmentation
maps. In a word, we need not to incur overhead to employ two
decoders ﬁtting each ground truth of the input pair explicitly.

4.1.2. Evaluation criteria
To quantify the segmentation accuracy of pathological liver segmentation, we follow the evaluation procedures of the LiTS challenge to compute the Dice coeﬃcient. Dice coeﬃcient measures
the similarity of the two sets VSeg and VGT and is deﬁned as

3.2.2. Complexity analysis
As the proposed compact conjugate fully convolutional network
can be equipped with any off-the-shelf network, we hereby analyze relative complexity between C2 FCN and its baseline. In fact,
the parameters of C2 FCN have the same magnitude as its baseline,
since the increase of the number of parameters is introduced by
doubling the output channels, where the increased number of parameters is the same as that of the last convolutional layer of its
baseline. In this paper, we take DeepLabv3+ (Chen et al., 2018b)
with a ResNet-18 backbone as a baseline, and the resulting C2 FCN
has a total of 16.60M parameters, which increases the number of
parameters less than 0.01M compared with DeepLabv3+. More encouragingly, C2 FCN brings negligible computational overhead in the
test phase, since the input pair is the same slice such that we
only need to forward propagate it through the encoder and decoder once, and the additional computation is mainly determined
by the increased number of parameters of the last convolutional
layer, which will be negligible compared with the computational
overhead that the network requires.

Dice =


2|VGT VSeg |
,
|VGT | + |VSeg |

(14)

where VSeg and VGT denote the automatically segmented set of voxels and the manually annotated ground truth, respectively, and
| · |denotes the cardinality of a set (i.e., the total number of elements in the set). In this paper, we evaluate the segmentation
performance with an average of Dice per volume score (Dice-percase) and a global Dice score (Dice-global) which concatenates all
test volumes into one long volume and computes the Dice coefﬁcient on it. We additionally employ a distance-based evaluation
metric, Average Symmetric Surface Distance (ASSD), to quantify the
boundary dissimilarity of the automatic segmentation VSeg from the
ground truth VGT ,which is deﬁned as



1
ASSD =
|BGT | + |BSeg |

4. Results and discussion
In this section, we present experimental results of our proposed
framework for 2D medical image segmentation. More speciﬁcally,

1
2

6


x∈BSeg

d (x, BGT ) +





d (x, BSeg ) ,

x∈BGT

https://competitions.codalab.org/competitions/17094.
https://chaos.grand-challenge.org/.

(15)
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where BGT and BSeg are the border voxel sets of VSeg and
VGT ,respectively, and dis the Euclidean distance from one voxel to
a voxel set.
As for evaluating multi-organ segmentation, we run all models
with 5-fold cross-validation, and evaluate the performance adopting the average evaluation of Dice-per-case and ASSD scores for
each organ and the average scores for all organs.

information shared into these features is utilized to boost the segmentation performance. Since the network was originally used for
co-segmentation, we use the segmentation loss to enable it applying to the segmentation task, and update its backbone as ResNet18 for fair comparison.
Table 1 shows the average performance of all the comparison methods under 80% and 5% proportions of training samples
(training ratio) on the LiTS dataset. It is easy to observe that the
proposed CFCN and C2 FCN consistently outperform other methods
with respect to all evaluation measures. Speciﬁcally, with a training ratio of 5%, CFCN achieves a Dice-global of 95.11%, which is
2.4% higher than standard FCN variants (Ronneberger et al., 2015;
Chen et al., 2018b) and 1.9% than deep pairwise model (Chen et al.,
2018a); The Dice-per-case is 95.01%, which results in about 1.8%
improvement over standard FCN variants and 1.5% improvement
over the deep pairwise model; The ASSD score is 1.82mm, outperforming that of standard FCN variants over 1.4mm and 0.9mm
against deep pairwise model. Furthermore, we also try to train
deep models with an extremely limited training set of one volume
(with a training ratio of 1%). We randomly select one volume from
the training set of LiTS and whose index is volume-56. Since in
this setting the training data only have one volume, sampling the
inter-patient pair is impossible. As a result, we shuﬄe the slices of
the volume and simulate inter-patient pair with each slice paired
twice (this is not implemented in our conference paper). As shown
in Table 1, our CFCN outperforms the second best comparison
method about 6.1%, 7.5%, and 3.0mm in Dice-per-case, Dice-global
and ASSD, respectively. The results demonstrate that CFCN is of
great potential in dealing with medical image segmentation under
a limited number of training data. This is partly because our CFCN
has a Siamese architecture where the input pairs augment the
magnitude of training samples. More importantly, the CFCN model
focuses on modeling the manifold of target objects and eliminating the effect of intra-class inconsistency, which is the main reason
that CFCN is superior to the ABDOCS (Chen et al., 2018a).
Despite the signiﬁcant performance improvement, an obvious
drawback of CFCN is the increase of the number of parameters.
In contrast, C2 FCN only has one-head output and reduces both
the number of parameters and the inference time to the same
level as DeepLabv3+ (Chen et al., 2018b) with an acceptable performance degradation (0.01% in Dice-global, 0.52% in Dice-per-case,
and 0.26mm in ASSD with 5% training ratio) against CFCN. An interesting ﬁnding is that the performance of C2 FCN inclines to be
superior to that of CFCN with an extremely limited amount of
training data, i.e., the training ratio is 1%. This is mainly because
the parameters of C2 FCN is fewer than CFCN, reducing the overﬁtting risk with such a small training set. Besides, CFCN involves
an additional hyper-parameter in loss function (see Eq. (6)). Such a
ﬁxed value in training fails to make full use of the proxy supervision. By contrast, C2 FCN just has one-head output to ﬁt the proxy
supervision, which dominates the training of the network and reduces the computational overhead for tuning the hyper-parameter
during training.
We show the qualitative segmentation results on LiTS dataset
with a training ratio of 5% in Fig. 5, CFCN and C2 FCN are superior
to the comparison methods in delineating the boundary and maintaining intra-class consistency of the pathological liver segmentation, which manifests the effectiveness of the proposed methods
on modeling the manifold of target objects and eliminating the effect of intra-class inconsistency only with a small training set.

4.2. Experiments on pathological liver segmentation
Although there exist lots of sound methods for liver segmentation (Li et al., 2018b; Fang et al., 2020; Wang et al., 2020), automatic segmentation of pathological liver remains a challenge to
deep FCNs as the presence of any pathology or abnormality may
seriously distort the scanned texture, especially with small or moderate amount of training data.
4.2.1. Implementation details
We use the Adam Optimizer (Kingma and Ba, 2014) with a
batch size of 16, a learning rate of 10−4 ,and a weight decay of
5 × 10−4 for a total of 40 epochs in training. As the voxel intensity of CT scans range from -10 0 0 HU to over +30 0 0 HU, we truncate the HU values of all volumes to the range of [-200, +250] HU
to remove the irrelevant details, and then normalize them to [0,1]
(Li et al., 2018b). For each of paired inputs, we adopt a 2.5D input
with three adjacent slices, and the input pairs are sampled from
one volume at intervals of 5, 9, and 13 slices along the axial direction in intra-patient pairs3 and sampled from two random volumes
with each slice paired twice in inter-patient pairs.4
4.2.2. Comparison experiment
We evaluate the proposed methods CFCN and C2 FCN on the
LiTS dataset in comparison with two benchmark methods U-Net
(Ronneberger et al., 2015) and DeepLabv3+ (Chen et al., 2018b),
which are variants of FCN (Long et al., 2015) and have been
applied to various scenarios of medical and natural image segmentation, and their effectiveness and generalization have been
widely proven. Moreover, we compare the performance of CFCN
and C2 FCN with a Siamese encoder-decoder structure ABDOCS
(Chen et al., 2018a) to verify the effectiveness of the proposed
structure.
U-Net (Ronneberger et al., 2015): The architecture of U-Net consists of a encoder to capture abstract features, a symmetric decoder
to recover detailed location information, and a skip-connection between encoder and decoder to compensate for missing details of
the pooling layers.
DeepLabv3+ (Chen et al., 2018b): The architecture integrates
spatial pyramid pooling module named strous spatial pyramid
pooling (ASPP) and encoder-decoder structure into a united FCN,
which aids to encode multi-scale contextual information and capture sharper object boundaries by gradually recovering the spatial
information.
ABDOCS (Chen et al., 2018a): The method adopts a semantic
attention learner to spotlight feature channels that have high activation in all input images and suppress other irrelevant feature
channels. With the attention learner, the relationship between a
pair of images is captured with certain high-level features, and the
3
Please refer to Fig. 2 for a more intuitive explanation. The proposed network
contains two branches of input, and each one is taken for segmenting one slice,
such as the upper one framed in yellow and the lower one framed in blue. Here, the
two framed slices are intra-patient pairs sampled along the axial direction, and 2.5D
input means we also take the adjacent slices of the two framed slices, respectively,
for capturing rich context information.
4
Sampling slice pairs from similar position of different volumes cannot be recommended, due to tedious data processing arisen by the alignment of volumes with
a different number of slices and slice thickness.

4.2.3. Ablation study
Effectiveness of the architecture components: To investigate
the effect of each component of our CFCN model, we perform
an ablation study on the LiTS dataset with 5% training ratio. We
respectively study the ablation for the Siamese architecture, the
7
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Table 1
Quantitative comparison between the proposed approaches and the state-of-the-arts on the LiTS dataset (Bilic et al.,
2019) with 80%, 5% and 1% proportions of training samples (training ratio), and the test set is always set as a ﬁxed
proportion of 20%.
Training Ratio

Evaluation metric

U-Net

DeepLabV3+

ABDOCS

CFCN(Ours)

C2 FCN(Ours)

80%

Dice-per-case∗ (%)
Dice-global (%)
ASSD (mm)
Dice-per-case∗ (%)
Dice-global (%)
ASSD (mm)
Dice-per-case∗ (%)
Dice-global (%)
ASSD (mm)

95.91/96.09
96.51
1.35
92.01/93.25
92.66
3.81
82.73/83.65
81.83
8.79

95.90/96.12
96.51
1.46
92.19/92.65
92.71
3.25
82.42/83.14
81.09
7.30

96.10/96.22
96.59
1.29
93.20/93.53
93.18
2.73
83.70/85.46
82.77
6.76

96.26/96.35
96.82
1.22
94.76/95.01
95.11
1.82
90.77/91.61
90.24
3.77

96.18/96.30
96.71
1.25
94.29/94.49
95.10
2.08
90.87/92.01
91.60
3.65

5%

1%

∗

Without/with postprocessing through a largest connected component labeling.

Table 2
The performance of ablation study for network architectures on the LiTS dataset (Bilic et al., 2019) with 5%training samples, and the test
set remains ﬁxed as Table 1.
Model

Siamese architecture

DeepLabv3+
SiamFCN
C2 FCN
C2 FCN+
CFCN






∗

Fusion net

Multi-head output

Proxy supervision

Dice-per-case∗ (%)

Dice-global (%)





92.19/92.65
93.07/93.47
94.29/94.49
94.85/95.08
94.76/95.01

92.71
92.93
95.10
95.19
95.11







Without/with postprocessing through a largest connected component labeling.

Fig. 5. Examplar segmentation results on the LiTS dataset with a training ratio of 5%. Here, blue and red lines manifest ground truth and automatic segmentation results of
deep models, respectively. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

included. It can be seen from Table 2that: 1) The four models achieve higher segmentation performance than DeepLabv3+
(Chen et al., 2018b), which indicates the Siamese architecture
are helpful for the task as the pairwise learning is an eﬃcient
data augmentation method. 2) C2 FCN signiﬁcantly outperforms
SiamFCN, which shows the proposed proxy supervision plays an
important role for the performance gains and the network can
learn the logical relation implied in the proxy supervision. Actually,
with a small training set, ﬁtting the proposed proxy supervision requires to discriminate the logical correlation of pixels at the same
location of input pairs, which improves predictive conﬁdence to alleviate the intra-class heterogeneity. 3) C2 FCN+ inclines to achieve
slight performance gains against C2 FCN, which shows the fusion

fusion net, multi-head output, and the proxy supervision. Specifically, if we assemble these model components from the baseline
architecture of DeepLabv3+ (Chen et al., 2018b) in different ways,
we will get four different models: 1) SiamFCN, of which the
two branches are the same as DeepLabv3+ with shared weights,
and for each branch the input of the decoder is compensated by
features at the same layer of the other branch; 2) C2 FCN, which
can be regarded as DeepLabv3+ assembling Siamese architecture
and the proxy supervision, but the output is one-head; 3) C2 FCN+,
replacing the decoder of CFCN with the fusion net, which can be
regarded as a network removing the two segmentation branches of
CFCN; 4) CFCN, in which the Siamese architecture, the fusion net,
multi-head output and the proxy supervision are simultaneously
8
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weight decay of 5 × 10−4 with mini-batch size of 20 for a total of
200 epochs. The input pairs are sampled from one volume at intervals of 3, 5, and 7 slices in intra-patient pairs and sampled from
two random volumes with each slice paired twice in inter-patient
pairs.

Table 3
The performance of ablation study for intra/inter-patient pairs on the
LiTS dataset (Bilic et al., 2019) with 5%training samples, and the test
set remains ﬁxed as Table 1.

Identical pairs
Intra-patient pairs
Inter-patient pairs
Intra & inter-patient pairs

Dice-per-case (%)∗

Dice-global (%)

89.98/93.07
93.20/94.69
94.31/94.53
94.76/95.01

90.12
93.14
94.78
95.11

4.3.2. Results and discussion
Since we run all models with 5-fold cross-validation, we
present the results adopting the average evaluation of Dice-percase and ASSD scores for each organ and the average scores for
all organs in Tabel 4. As shown, 1) compared with the baseline
DeepLabv3+ (Chen et al., 2018b), our CFCN achieves a large performance improvement, i.e., average Dice-per-case score increase
from 86.37% to 88.25% while ASSD decreases from 3.14mm to
2.83mm; 2) in terms of Dice-per-case and ASSD, the proposed
C2 FCN achieves average scores of 88.62% and 2.47mm, respectively,
which signiﬁcantly outperform all comparison methods; 3) in contrast to left kidney segmentation, the overall performance of C2 FCN
is better than that of CFCN. It is probably because the proxy supervision acts as global constraints in the training phase of CFCN,
and its contribution is affected by the hyper-parameter λin Eq. (6).
Such a single parameter fails to adequately imbalance the divergence of different categories in multi-category segmentation compared with binary segmentation. As a result, the performance gain
of CFCN is not as signiﬁcant as that of C2 FCN, where the proxy
supervision is treated as a complete supervision.

∗

Without/with postprocessing through a largest connected component labeling.

net can promote the ﬁtting of the proxy supervision. 4) Compared
with C2 FCN, CFCN mainly equips two segmentation branches to
learn the ground truth for input pairs, respectively. Its performance is just comparative with C2 FCN and C2 FCN+, which further
manifests that the proposed proxy supervision are suﬃcient to
exploit the semantic information for the segmentation task.
Effectiveness of Intra-patient Pairs and Inter-patient Pairs:
As aforementioned, CFCN and C2 FCN take paired slices as input,
which quadratically augment the training samples. For the eﬃciency of network training, we sample the input pairs in two ways:
intra-patient pairs and inter-patient pairs, as shown in Fig. 3. Concretely, the input pairs are sampled from one volume at intervals
of 5, 9, and 13 slices in intra-patient pairs, and sampled from two
random volumes with each slice paired twice in inter-patient pairs.
The results on the LiTS dataset with 5% training samples are listed
in Table 3. It can be observed that both intra-patient pairs and
inter-patient pairs largely improve the segmentation performance
compared with naive CFCN, which is trained using thesame slice
taken as input pairs. Moreover, the two ways of sampling the input pairs are complementary, since it achieves more performance
gain when intra-patient and inter-patient pairs are used together.

5. Discussion and conclusion
In this paper, we proposed a new framework for medical image
segmentation with a limited number of training samples. Specifically, we focused on addressing the challenging issues arisen by
intra-class heterogeneity and boundary ambiguity. Extending our
preliminary work (Wang et al., 2019), we improved our framework
from two-fold: First, we extended the proposed CFCN to a general
pairwise learning framework in Section 3, where the proxy supervision acted as a global constraint on the network to ﬁt inherent
prior knowledge from the label space. Except for binary segmentation on the LiTS dataset (Bilic et al., 2019), we further extended
CFCN to multi-category segmentation for multi-organ segmentation on benchmark dataset CHAOS in Section 4.3, and the results
demonstrated that our CFCN could achieve state-of-the-art results
among all comparison methods.
Second, we extended the CFCN to a compact architecture C2 FCN
in Section 3.2, which can equip with any off-the-shelf segmentation networks with a negligible number of additional parameters and computational overhead in the test phase. Speciﬁcally,
we adopted DeepLabv3+ (Chen et al., 2018b) as baseline, the resulting C2 FCN achieved competitive results on the LiTS dataset

4.3. Experiments on multi-organ segmentation
Multi-organ
segmentation
Gibson
et
al.
(2018);
Peng et al. (2020) from different modalities is another challenging
but valuable task for many clinical procedures.
4.3.1. Implementation details
We split the Sub-CHAOS data into 5-folds for cross-validation,
and in each round the training set contains 16 cases and the test
set remains four cases. For each patient’s case, the image is clipped
to the [2.0, 98.0]percentiles of the intensity values of the entire image and normalized to [0,1] in the end, and all slices in the training phase are resized to 256 ×256 yet kept the original size in the
test phase. We train the segmentation networks using the Adam
optimizer (Kingma and Ba, 2014) with a learning rate of 10−4 ,a

Table 4
Quantitative comparison between the proposed approaches and the state-of-the-art on the
Sub-CHAOS dataset. Dice-per-case scores (±std) are reported in percentage over 5-fold
cross-validation.
Method

Liver

Dice-per-case (%)
U-Net
90.70±3.68
DeepLabv3+
90.46±2.84
ABDOCS
90.90±2.78
CFCN (ours)
91.76±2.28
92.09±1.52
C2 FCN (ours)
ASSD (mm)
U-Net
4.18±2.19
DeepLabv3+
3.42±1.13
ABDOCS
2.95±0.80
CFCN (ours)
2.99±1.17
2
2.75±0.68
C FCN (ours)

Right Kidney

Left Kidney

Spleen

Mean

86.06±4.92
86.91±1.94
88.77±1.30
89.38±1.79
89.38±2.40

85.43±4.99
86.00±4.86
86.97±4.78
88.45±4.19
88.17±4.17

81.14±7.82
82.12±7.12
84.33±4.58
83.41±6.13
84.82±4.66

85.83
86.37
87.74
88.25
88.62

3.46±1.16
2.49±0.78
1.89±0.33
1.78±0.41
1.73±0.44

3.53±1.25
2.95±1.17
2.09±0.75
2.06±0.79
2.20±1.21

7.79±7.41
3.71±1.63
3.73±1.48
4.49±3.34
3.19±1.94

4.74
3.14
2.67
2.83
2.47
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(see Table 1) and superior results on the Sub-CHAOS dataset (see
Table 4) compared with CFCN. However, the number of parameters and computational overhead of C2 FCN were largely reduced
during training against those of CFCN. More importantly, the proposed C2 FCN learned the logical relation implied in proxy supervision with only one head in the training phase, and the segmentation probability was inferred by the learned logical relation in the
test phase. Compared with CFCN, there was no need to incur overhead of two decoders to explicitly ﬁt the ground truth of the input
pair in C2 FCN, which manifested that learning the general relation
through deep models is feasible and potential.
It is worth mentioning that we employed the proposed pairwise
segmentation framework to address the challenges arisen by intraclass heterogeneity and boundary ambiguity in this paper. More
prior information, however, can be exploited by explicitly designing the function g proxy in Eq. (2). Another research line in the future is to employ the proposed CFCN and C2 FCN to more segmentation scenarios, especially the automatic segmentation of a tubelike structure, such as a blood vessel or small bowel, which often
folds in the 3D space and the shape prior is diﬃcult to model by
the intra-patient adjacent slices. Besides, extending our method to
3D models will be a direction of our future research.
In conclusion, we proposed a new pairwise segmentation
framework in this paper for medical image segmentation with a
limited number of training samples. To address intra-class heterogeneity and boundary ambiguity in medical imaging, we proposed
a proxy supervision to explicitly encode the prior information from
the label space, which acted as a global constraint on the network in the training phase. Particularly, we proposed a new segmentation paradigm through C2 FCN, where the network aimed to
learn the logical relation between the input pair rather than to directly ﬁt the ground truth of the targets as conventional FCNs did,
and the segmentation probability of a test sample is inferred by
the learned logical relation. The experimental results demonstrated
that the proposed pairwise segmentation could signiﬁcantly improve segmentation accuracy with a limited amount of training
data.
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