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Abstract

Machine learning, particularly deep learning has boosted medical image analysis over the past years. Training a good model
based on deep learning requires large amount of labelled data. However, it is often difficult to obtain a sufficient number of
labelled images for training. In many scenarios the dataset in question consists of more unlabelled images than labelled ones.
Therefore, boosting the performance of machine learning models by using unlabelled as well as labelled data is an important but
challenging problem. Self-supervised learning presents one possible solution to this problem. However, existing self-supervised
learning strategies applicable to medical images cannot result in significant performance improvement. Therefore, they often lead
to only marginal improvements. In this paper, we propose a novel self-supervised learning strategy based on context restoration in
order to better exploit unlabelled images. The context restoration strategy has three major features: 1) it learns meaningful image
semantics; 2) it is useful for different types of subsequent image analysis tasks; and 3) its implementation is simple. We validate
the context restoration strategy in three common problems in medical imaging: classification, localization, and segmentation. For
classification, we apply and test it to scan plane detection in fetal 2D ultrasound images; to localise abdominal organs in CT images;
and to segment brain tumours in multi-modal MR images. In all three cases, self-supervised learning based on context restoration
learns meaningful semantic features and lead to improved machine learning models for the above tasks.
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1. Introduction

Deep convolutional neural networks (CNNs) have achieved
great success in computer vision, including image classifica-
tion (Simonyan and Zisserman, 2014; Krizhevsky et al., 2012;
Szegedy et al., 2015), object detection (Girshick, 2015; Ren
et al., 2015) and semantic segmentation (Long et al., 2015;
Chen et al., 2018). In medical image analysis, CNNs have also
demonstrated significant improvement when applied to chal-
lenging tasks such as disease classification (Wang et al., 2017;
Suk et al., 2014) and organ segmentation (Ronneberger et al.,
2015; Çiçek et al., 2016; Kamnitsas et al., 2017). Large amounts
of training data with manual labels have been crucial in many
of these successes. In natural images, crowdsourcing can be
used to obtain ground-truth labels for the images (Russakovsky
et al., 2015). This is based on the fact that the annotation of nat-
ural images only requires simple human knowledge, e.g. most
humans are able to recognize cars in natural images. How-
ever, crowdsourcing has limited applicability in medical imag-
ing because annotation usually requires expert knowledge. This
means it is usually easier to access a large number of unlabelled
medical images rather than a large number of annotated images.
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Training CNNs only using the small number of labelled im-
ages cannot always achieve satisfactory results and does not ex-
ploit the potentially large number of unlabelled images that may
be available. The most straightforward method to make use of
unlabelled data is to train an auto-encoder (Bengio et al., 2007)
to initialise the task-specific CNN. However, the loss function
used in auto-encoder is the L2 reconstruction loss which leads
the auto-encoder to learn features that have limited value for
discriminative tasks. The pretrained models from the natural
image domain are not useful in the medical imaging domain
since the intensity distribution of natural images is different
from that of medical images.

Self-supervised learning is a type of machine learning strat-
egy which has gained more and more popularity in recent years.
It aims at supervised feature learning where the supervision
tasks are generated from data itself. In this case, a very large
number of training instances with supervision is available. Pre-
training a CNN based on such self-supervision results in useful
weights to initialise the subsequent CNN based on data with
limited manual labels. Therefore, self-supervised learning is a
good option to explore the unlabelled images to improve the
CNN performance in case where only limited labelled data is
available.

In this paper, we focus on self-supervision for medical im-
ages. Two existing self-supervised learning strategies are appli-
cable in our cases, namely, the prediction of the relative posi-
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tions of image patches (Doersch et al., 2015) (the RP method)
and local context prediction (Pathak et al., 2016) (the CP method).
Figure 1 shows an example of these two methods. In the RP ap-
proach, a 3 × 3 patch grid is selected and the CNN learns the
relative position between the central patch and one of its sur-
rounding patches. For instance, a patch containing left cerebel-
lum should locate at the bottom left corner of the patch of right
cerebrum. In the CP method, a patch in the centre of image
is selected and a CNN learns to predict its context using other
image context.

We propose a novel self-supervised learning strategy for
medical imaging. Our approach focuses on context restoration
as a self-supervision task. Specifically, given an image, two
small patches are randomly selected and swapped. Repeating
this operation a number of times leads to a new image for which
the intensity distribution is preserved but its spatial information
is altered. A CNN is then trained to restore the altered image
back to its original version. The proposed context restoration
strategy has three advantages: 1) CNNs trained on this task fo-
cus on learning meaningful features; 2) CNN weights learned
in this task are useful for different types of subsequent tasks
including classification, localization, and segmentation; 3) im-
plementation is simple and straightforward. We evaluate our
novel self-supervised learning strategy in three different com-
mon problems in medical image analysis, namely classification,
localization, and segmentation. Our evaluation uses different
types of medical images: image classification is performed on
2D fetal ultrasound (US) images; organ localization is tested on
abdominal computed tomography (CT) images; and segmenta-
tion is performed on brain magnetic resonance (MR) images. In
all three tasks, the pretraining based on our context restoration
strategy is superior to other self-supervised learning strategies,
as well as no self-supervised training.

2. Related Work

The key challenge for self-supervised learning is identifying
a suitable self supervision task, i.e. generating input and output
instance pairs from data. In computer vision, various types of
self supervision have been proposed depending on data types,
which is summarised in Table 1.

For static images, patch relative positions (Doersch et al.,
2015; Noroozi and Favaro, 2016), local context (Pathak et al.,
2016), and colour (Zhang et al., 2016, 2017) have been used in
self-supervised learning. In the RP method, it was proposed
to predict the relative positions between a central patch and
its surrounding patches in a 3 × 3 patch grid (Doersch et al.,
2015). The idea was that there are intrinsic position relations
among divided parts of an object of interest. The RP method
has three shortcomings: First, the relative position between two
patches could have multiple correct answers, e.g. a patch of a
car and a patch of a building. Second, it was reported that CNNs
could complete the self-supervised learning tasks by learning
trivial features, instead of meaningful features that are useful in
other discriminative tasks such as classification and segmenta-
tion. Specifically, in the RP method, CNNs learns the shared

edges or corners of two patches to predict their relative posi-
tions. Although techniques were proposed to address this ef-
fect, CNNs could still learn trivial features. For instance, it was
proposed that patches are randomly jittered (Figure 1(b)) so that
there is no shared information at edges or corners. However,
the CNN may still learn patch positions from some background
patterns. Third, the RP method is based on patches, which do
not convey information about the global context of images. As
a result, the RP method can only provide limited improvements
for subsequent tasks requiring global context, such as classifi-
cation. Later, a more complicated version of patch relative po-
sitions was proposed (Noroozi and Favaro, 2016), in which all
9 patches are input to CNNs in a random sequence. The CNNs
were trained to find the correct sequence of the patches.

In terms of feature learning, learning to predict image con-
text is more straightforward as proposed by Pathak et al. (Pathak
et al., 2016). They proposed an idea which trains CNNs to learn
how to inpaint missing information in images with patchy con-
text removed. For the inpainting, an adversarial loss was pro-
posed in addition to the L2 reconstruction loss while for fea-
ture learning only the L2 loss was used. They reported that
if the removed patch is always in the centre of an image and
in the square shape (Figure 1(c)), CNNs would only focus on
the central context. As a result, patches with random shapes
and in random locations were removed to improve the feature
learning. However, the removal of context changes the image
intensity distribution. Thus the resulting images belong to an-
other domain and the learned features may not be useful for im-
ages in the original domain. Compared to the RP method, the
CP method is more useful for the subsequent tasks. More pre-
cisely, the CNN weights learned in the CP method can be used
to initialise subsequent CNNs for classification and segmenta-
tion; while CNN weights learned in the RP method can initialise
subsequent classification CNNs and only the analysis part of
the subsequent segmentation CNNs. This is because a CNN
predicting the relative positions of patches is a classification
model, which does not have layers to reconstruct image-level
maps. Table 2 compares the RP method and the CP method in
terms of subsequent task initialization.

Colour is one of the most important features in natural im-
ages. It was proposed that learning colours from greyscale im-
ages learns features that capture semantic information (Zhang
et al., 2016), i.e. CNNs must implicitly perform object recogni-
tion in order to colour them appropriately. However, it is gen-
erally difficult to recognize if the weather is sunny or not in
greyscale images. Therefore, learning semantics via colours is
difficult to cover all aspects of stuff and things. In subsequent
work, Zhang et al. (Zhang et al., 2017) proposed stronger su-
pervision. Specifically, natural images were firstly converted
into greyscale space and colour space. Then image represent-
ing each space was used to train a siamese CNN to predict the
information in the other space. Combining the two outputs re-
constructs the original image. This cross-supervision forces the
CNNs to learn more meaningful semantics. In medical imag-
ing, most images are in greyscale so that no colour information
is available.

In addition, the exemplar learning has been proposed as a
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Figure 1: Demonstration of the RP and CP method on a brain CT image. (a) shows the original CT image in the coronal view. (b) shows the patch grid of the RP
method and the red rectangles indicate patches of left cerebellum and right cerebrum. (c) shows the selected patch to be predicted.

Table 1: Summary of related literature. There are many self-supervision strategies have been proposed for natural images and videos while there is only one strategy
relating to medical images.

Data Type Authors Supervision

RGB images

Doersch et al. (Doersch et al., 2015) patch relative position predictionNoroozi et al. (Noroozi and Favaro, 2016)
Pathak et al. (Pathak et al., 2016) local context prediction
Zhang et al.(Zhang et al., 2016) colourization
Zhang et al.(Zhang et al., 2017) colour-context cross prediction
Dosovitskiy et al. (Dosovitskiy et al., 2016) exemplar learning

Videos

Mobahi et al. (Mobahi et al., 2009) temporal coherenceJayaraman et al. (Jayaraman and Grauman, 2016)
Wang et al. (Wang and Gupta, 2015) temporal continuous
Walker et al. (Walker et al., 2015)

object motion predictionPurushwalkam et al. (Purushwalkam and Gupta, 2016)
Sermanet et al. (Sermanet et al., 2017)
Misra et al. (Misra et al., 2016) temporal order verificationFernando et al. (Fernando et al., 2017)

Multi-modal data

Agrawal et al. (Agrawal et al., 2015) ego-motion predictionJayaraman et al. (Jayaraman and Grauman, 2015)
Owens et al. (Owens et al., 2016) audio-video matchingChung et al. (Chung and Zisserman, 2017)

MR images Jamaludin et al. (Jamaludin et al., 2017) follow-up scan recognition

self-supervised learning strategy (Dosovitskiy et al., 2016). In
exemplar learning, the task is to classify each data instance into
a unique class. In this case, heavy augmentation is required to
generate training data. Since each data instance is regarded as
one class, the exemplar learning method is difficult to apply to
large datasets.

Image sequences (or videos) offer rich resources which could
be used in self-supervised learning. First, neighbourhood frames
should share similar features (Mobahi et al., 2009). Training
CNNs to learn the similarities achieves the goal of learning con-
textual semantics. In addition, in events such as ball games,
the features of frames representing a batting action should also
be smooth, i.e. temporal continuous (Jayaraman and Grauman,
2016). Second, frames representing similar motions such as
cycling should share similar visual features (Wang and Gupta,
2015). More generally, similar objects should share similar mo-

tions, which can be learned by CNNs (Walker et al., 2015). For
instance, similar human poses should also share similar motions
(Purushwalkam and Gupta, 2016; Sermanet et al., 2017). Third,
frames representing actions should occur in a certain temporal
order. This idea has led to the development of CNNs which
learn whether a sequence of frames is in the correct order or not
(Misra et al., 2016; Fernando et al., 2017).

Imaging data with multiple modalities can be easily used
for self-supervised learning. The cross-supervision mentioned
above is an obvious strategy to use for multi-modal imaging
data. For instance, cameras at different angles offer different
views. A siamese CNN could be trained to predict camera poses
(Agrawal et al., 2015). More generally, images with the same
ego-motion are likely to share similar features which can be
learned by CNNs (Jayaraman and Grauman, 2015). For videos
with audio, it is reasonable to assume similar events share sim-
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Table 2: Comparison between the RP method and the CP method. Weights learned in both of them can initialise the subsequent classification CNN. Weights learned
in the RP method can only initialise the analysis part of the subsequent segmentation CNN; while weights learning in the CP method can initialise analysis and
reconstruction part of the subsequent segmentation CNN.

Self-supervision

Main task

Classification Segmentation

Patch relative position prediction

Local context prediction

ilar audio sound (Owens et al., 2016). Exceptionally, in news
broadcast videos, similar lip poses represent similar readings
(Chung and Zisserman, 2017).

In medical imaging, patients often have follow-up scans.
Recognizing scans of the same patient is a good method of self-
supervised learning. Jamaludin et al. (Jamaludin et al., 2017)
proposed a siamese CNN to recognize patients’ MR scans and
predict the level of vertebral bodies. A large number of scans
was collected to train the CNN to recognize MR scans. There-
fore, a small number of annotated scans is required for disease
prediction. The above approach is one of the first works on
self-supervised learning in medical imaging.

Our work also relates to the work of (Doersch and Zisser-
man, 2017), which proposed to combine multiple self-supervised
learning tasks to improve the feature learning. In this work,
patch relative position prediction (Doersch et al., 2015), colour-
ization (Zhang et al., 2016), exemplar learning (Dosovitskiy
et al., 2016), and motion segmentation (Pathak et al., 2017)
were unified into one architecture. A novel input harmoniza-
tion method was proposed to enable end-to-end training. Fea-
tures learned in the individual tasks were then fused with an L1
penalty loss so that their combination could be sparse. The re-
sults showed that multi-task self-supervised learning improves
subsequent tasks more than single-task self-supervised learn-
ing. The disadvantage of multi-task self-supervised learning is
the training requires significant computational resources, i.e. 64
GPUs for approximately 16.8K GPU hours.

3. Self-supervision Based on Context Restoration

We propose a novel strategy for self-supervised learning
which we term context restoration. We first introduce this con-
cept before we provide further details of the training process.

3.1. Context Restoration
There are two steps in self-supervised learning based on

context restoration: generating paired input/output images for

training and learning a mapping between them. Given a dataset
X = {x1,x2, . . . ,xN} consisting of N images with no anno-
tations, a new dataset

X̃ = f(X ) (1)

is generated. Here X̃ = {x̃1, x̃2, . . . , x̃N}. f(·) is a function
corrupting the context of original images. Subsequently, a CNN
is learned to approximate the function g(·) which is designed to
model the mapping x̃i 7→ xi, i.e.

xi = g(x̃i) = f−1(x̃i), (2)

where i = 1, 2, . . . , N.
Given an image xi, we randomly select two isolated small

patches in xi and swap their context. Repeating this process
for T times results in x̃i. Figure 2 demonstrates this process
on exemplar images and Algorithm 1 summarises the process
in detail. Subsequently, g(·) aims to restore the context using
CNN model by learning to approximate f−1(·). This is illus-
trated in Figure 3.

Algorithm 1: Image context disordering
Input: original image xi

Output: image with disordered context x̃i

for iter = 1, 2, . . . , T do
randomly select a patch p1 ∈ xi

randomly select a patch p2 ∈ xi

p1 ∩ p2 = ∅
swap p1 and p2

Inspired by existing self-supervised learning strategies, a
good self-supervised learning strategy should exhibit three key
features: 1) features learned in the self-supervised training stage
should be meaningful; 2) self-supervised pretraining is useful
for different types of subsequent tasks; and 3) the implementa-
tion should be simple. Our proposed context restoration method
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Figure 2: Generating training images for self-supervised context disordering: Brain T1 MR image, abdominal CT image, and 2D fetal ultrasound image, respectively.
In figures in the second column, red boxes highlight the swapped patches after the first iteration.

features all these advantages. For many common problems in
medical imaging such as classification, localization, and seg-
mentation, learning image context is key. Therefore, learning
the context of images in the self-supervised pretraining stage
benefits the subsequent tasks. Restoring the image context can
learn image context. Specifically, given the corrupted image x̃i,
the g(·) function learns to restore it by solving two subtasks: 1)
recognising which parts of the image contain corrupted context;
2) reconstructing the correct image context in these areas. Sec-
ond, the proposed context restoration pretraining is applicable
for different types of subsequent tasks by adjusting CNN archi-
tecture according to that of subsequent task. Finally, the imple-
mentation of the context restoration task is simple and straight-
forward.

3.2. Network Architectures

We model the proposed self-supervised learning strategy
– context restoration – using CNNs. The CNNs can be im-
plemented using various different architectures. Most of these
networks are image-to-image networks consisting of two parts:
an analysis part and a reconstruction part. Figure 3 shows an
overview of the general architecture of feasible CNNs. The
analysis part encodes input disordered images into feature maps

and the reconstruction part uses these feature maps to produce
output images in correct context.

Analysis Part: The analysis part consists of stacks of con-
volutional units and downsampling units, extracting feature maps
from the input images. The convolutional units can be single
convolution layers, residual convolution layers (He et al., 2016),
inception layers (Szegedy et al., 2016), densely connected con-
volution layers (Huang et al., 2016) and so on. The downsam-
pling units could be single pooling layers or inception pooling
layers (Szegedy et al., 2016, 2017) and so on. The CNN weights
learned in this part are then used to initialise the subsequent
tasks.

Reconstruction Part: The reconstruction part consists of
stacks of convolutional layers and upsampling layers, produc-
ing output images in which the context information has been
restored. The upsampling layers can be deconvolution layers
or other upsampling layers. Again, the CNN architectures used
here are flexible. In subsequent classification tasks, the CNN
weights learned in this part are not used. As suggested by (Do-
ersch and Zisserman, 2017), simple CNN layers with a few de-
convolution layers are sufficient (see Figure 3). In this condi-
tion, the analysis part makes most contributions to the context
restoration. Therefore, the feature maps resulting from the anal-
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Figure 3: General CNN architecture for the context restoration self-supervised learning. In the figure, the blue, green, and orange strides represent convolutional
units, downsampling units, and upsampling units, respectively. In the reconstruction part, CNN structures could vary depending on subsequent task type. For
subsequent classification tasks, the simple structures such as a few deconvolution layers (2nd row) are preferred. For subsequent segmentation tasks, the complex
structures (1st row) consistent with the segmentation CNNs are preferred.

ysis part are more useful. In subsequent segmentation tasks, the
CNN weights learned in this part are then used. In this situa-
tion, the CNN architectures of the self-supervised learning and
the subsequent main task learning can be consistent. As a result,
almost all the weights of the subsequent segmentation CNN can
be initialised using those learned in the self-supervised learn-
ing. This results in better segmentation results.

Loss Function: We propose to use the L2 loss for training
the CNNs for the task of context restoration. As suggested by
(Pathak et al., 2016), the L2 loss is sufficient for feature learning
although the outputs from context restoration outputs may be
blurry.

Implementation: In this work, the CNNs for context restora-
tion employ single convolution layers as the convolutional units.
In the analysis part, the architecture is similar to that of the
VGG-Net (Simonyan and Zisserman, 2014), where there is a
pooling layer following a few convolution layers. In the recon-
struction part, if the subsequent task is a classification task, then
there are only a few deconvolution layers; if the subsequent task
is segmentation, then the reconstruction part is in symmetry
with the analysis part with concatenation connections, which
is similar to a U-Net architecture (Ronneberger et al., 2015).
The loss function of CNNs in the subsequent tasks is the cross-
entropy function.

All the CNNs use the Adam method (Kingma and Ba, 2015)
for optimizing the loss function. We use β1 = 0.9, β2 =
0.999, ε = 1e − 8. The learning rates varies for the differ-
ent problems. Batch normalization (Ioffe and Szegedy, 2015)
is utilized in all CNNs. Random weights are used for initial-
ization and sampled from a truncated normal distribution with
standard deviation of 0.01. The kernel size of the convolution
and deconvolution layers is 3× 3. The stride size of the convo-
lution layers is 1 and that of the deconvolution layers is 2.

The CNNs implemented in this paper use the Tensorflow1

platform. Our experiments are performed on a desktop PC
with an Core i7-3770 processor and 32GB RAM and with an
NVIDIA TITAN XP GPU processor.

1https://www.tensorflow.org/

4. Experiments and Results

To evaluate the proposed self-supervision approach we have
conducted four sets of experiments: First, we show the pro-
posed self-supervision using context restoration task can be per-
formed by CNNs on three different datasets, including brain
MR images, abdominal CT images, and fetal US images. In ad-
dition, we use the pretrained CNNs for subsequent tasks such as
classification, localization, and segmentation, respectively. For
each of these problems, a different dataset is used. More im-
portantly, we compare different self-supervised learning strate-
gies, namely, training an auto-encoder (Bengio et al., 2007),
self-supervision using patch relative position prediction (Doer-
sch et al., 2015), self-supervision using local context prediction
(Pathak et al., 2016), and the proposed context restoration. For
each dataset, the self-supervised learning is based on the whole
training set. The subsequent tasks are based on the whole, half,
and quarter of the training set, respectively.

4.1. Context Restoration Results
We evaluate the CNNs employed for context restoration on

three different datasets, including brain MR images, abdominal
CT images, and fetal US images. Figure 4 shows examples of
the three datasets. In all cases, the image context restoration
achieve qualitatively good results. A shortcoming is that the L2
loss results in image blur.

4.2. Fetal Standard Scan Plane Classification
Overview: 2D US imaging is the most widely used med-

ical imaging modality to assess the health of he fetus. In the
UK, the fetal abnormality screening programme (FASP) hand-
book (NHS Screening Programmes, 2015) defines guidelines
for selecting a number of standard scan planes, which are used
to make biometric measurements and possible abnormalities.
However, US images often have low quality because of noise,
artefacts, shadows, etc. Therefore, interpreting fetal US im-
ages is challenging. Baumgartner et al. proposed a novel CNN-
based approach (known as the SonoNet) to detect and localise
the defined 13 different standard scan planes in real-time from
US images (Baumgartner et al., 2017).
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Figure 4: Self-srpervision using context restoration: For brain MR images, our training is on 2D image patch level. Therefore, the context restoration is also based
on patches.

Dataset: We use the same dataset as used in (Baumgartner
et al., 2017). Our dataset consists of 2694 2D ultrasound ex-
aminations of fetuses with gestational ages between 18 and 22
weeks. More details about the image acquisition protocol can
be found in (Baumgartner et al., 2017). Figure 5 shows exam-
ples of each class of scan planes.

Implementation: The CNN for this classification prob-
lem is the SonoNet-64 which achieved the best performance
in (Baumgartner et al., 2017). In terms of the training strategy,
we use a fixed learning rate of 0.01. In the original training,
each batch consists of 2 images from each of the standard scan
plane categories and 26 images from background images. As
a multi-class classification problem, the numbers of instances
across classes are imbalanced. In our implementation, we sam-
ple the same number of background views with other classes.

Evaluation: As in (Baumgartner et al., 2017), we evaluate
the performance of CNNs in this classification task using the
precision, recall, and the F1-score.

Results: Table 3 displays the results of performance of the
CNNs under different configurations. Balancing the numbers of
instances in each class significantly improves the performance
in all three metrics.

In training in random initialisation situations, it is not sur-
prising that less training data leads to worse results. When the
SonoNet is trained on half of the training data, the precision
and recall both decrease, which lead to the decrease of the F1-
score. Interestingly, when the SonoNet is trained on quarter
of the training data, the precision decreases significantly while
there is only slight decrease in terms of the recall. This suggests
a large number of false positives (FPs) occur.

With the help of self-supervised pretraining, the performance
of CNNs when using small training sets can be improved. Specif-
ically, when learning on half of training images, the F1-scores

keep stable in most cases except where the SonoNet is pre-
trained based on context restoration. In this scenario, the base-
line (i.e. random initialisation) is not far away from the ceiling
(i.e. SonoNet on the whole training set). Therefore, it is difficult
to obtain improvements. The SonoNet pretrained using con-
text restoration can only offers marginal improvement. When
learning using only a quarter of training images, the SonoNet
with feature initialisation from the auto-encoder pretraining still
cannot improve the baseline; while SonoNets using other pre-
training strategies perform better than the baseline. Our context
restoration pretraining improves the SonoNet performance the
most. This suggests that context restoration pretraining is more
useful for image classification in this case.

4.3. Abdominal Multi-organ Localization

Overview: In many medical image analysis problems, lo-
calization anatomical structures is a prerequisite. For instance,
in the liver segmentation challenge (Heimann et al., 2009) hosted
in MICCAI 2007, the provided CT images were cropped such
that the livers were roughly localized. This excludes irrele-
vant organs and tissue and benefits the segmentation. However,
manual cropping requires expert knowledge and costly. de Vos
et al. (de Vos et al., 2017) proposed a novel approach which can
localize anatomical structures in 3D medical images. This ap-
proach defines the localization as discovering bounding boxes
in 3D images so that regions within these bounding boxes con-
tain target anatomical structures (see Figure 6). Following this
idea, we localise multiple abominal organs in CT images. The
organs of interest are pancreas, kidneys, liver, and spleen.

Dataset: A dataset of 3D abdominal CT image from 150
subjects is employed. The patient demographics and image ac-
quisition details can be found in (Tong et al., 2015). We nor-
malize the volume intensities in zero mean and unit deviation
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Figure 5: Examples of standard scan planes and background views of 2D fetal ultrasound images. The standard scan planes consist of brain view at the level of
the cerebellum (Brain cb), brain view at posterior horn of the ventricle (Brain tv), coronal view of the lips and nose (Lips), standard abdominal view at stomach
level (Abdominal), axial kidneys view (Kidneys), standard femur view (Femur), sagittal spine view (Spine sag), coronal spine view (Spine cor), four chamber view
(4CH), three vessel view (3VV), right ventricular outflow tract (RVOT), left ventricular outflow tract (LVOT), and median facial profile (Profile).

Table 3: The classification of standard scan planes of fetal 2D ultrasound images. The entries in bold highlight the best comparable results.

Training data% Initialisation Precision (%) Recall (%) F1-score (%)
100% (Baumgartner et al., 2017) Random 80.60 86.00 82.80
100%, Ours Random 89.39 89.66 89.42

50%

Random 84.69 84.94 84.64
Auto-encoder (Bengio et al., 2007) 84.63 86.09 84.50
Relative positions (Doersch et al., 2015) 85.15 86.79 84.74
Context prediction (Pathak et al., 2016) 84.43 85.27 84.43
Context restoration 85.52 87.56 85.94

25%

Random 57.23 78.99 62.85
Auto-encoder (Bengio et al., 2007) 55.54 82.87 62.32
Relative positions (Doersch et al., 2015) 61.01 83.09 66.38
Context prediction (Pathak et al., 2016) 57.73 81.58 63.10
Context restoration 65.69 85.25 69.93

before analysis. The whole dataset is randomly divided into
two equal halves. The first half is used for training and val-
idation and the other half is used for testing. Images in this
dataset were annotated at voxel level. We derive the reference
bounding boxes and slice labels (organ presence) using these
annotations.

Implementation: The CNN for multi-organ localization
task is similar to the SonoNet (Baumgartner et al., 2017). It
has one more stack of convolution and pooling layers than the
SonoNet since the input images are 512×512 which is approx-
imately twice larger than the processed 2D ultrasound frames
in each side. The CNN for localization is also equipped with
a global mean pooling layer. The output of this CNN is a pre-
diction vector with K elements indicating the probabilities of
presence of the K organs. The learning rate in this task is fixed
as 0.001.

Evaluation: We follow (de Vos et al., 2017) that distances
(in mm) from the reference bounding boxes to the predicted
bounding boxes are used to evaluate the localization perfor-
mance. Specifically, we compute the distances of the centroids
and walls between bounding boxes.

Results: Table 4 displays localization performance of the
CNN in different training strategies. Initialising by pretrained

features, particularly those from context restoration tasks, im-
proves the CNN performance.

Performance is compared among CNNs using different pre-
training strategies. Training on incomplete training set using
random initialization is used as baseline in each comparison
group. Within each group, the CNN pretrained using the auto-
encoder sometimes improves the performance upon the base-
line. For instance, on half training data, it improves the cen-
troid prediction of pancreas. However, it is worse than the
baseline in terms of liver. In total, the results cannot verify
auto-encoding pretraining improves the CNN performance. In
contrast, pretraining based on relative position prediction and
context prediction improves the CNN performance. Specifi-
cally, in most cases, pretraining of these two tasks decreases the
errors on baselines in terms of both centroid and walls. Impor-
tantly, pretraining based on context restoration results in more
localization improvements. In some cases, the CNN using con-
text restoration pretraining is comparable to or even better than
none pretraining on more annotated training data. For instance,
in terms of left kidney, the CNN on half training data slightly
outperforms that on all the training data; in terms of spleen, the
CNN on a quarter training data performs better than the one on
half training data. These improvements cannot be achieved by
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Table 4: The performance of the CNN solving the multi-organ localization problem in different training settings. The entries in bold highlight the best comparable
results. The RD, AE, RP, CP, CR are short for random, auto-encoder (Bengio et al., 2007), relative positions (Doersch et al., 2015), context prediction (Pathak et al.,
2016), and our proposed context restoration. The numbers displayed are the mean ± std distances in mm.

Train data % Init. Left Kidney Right Kidney
Centroid Wall Centroid Wall

100% RD 6.45± 8.47 3.68± 21.41 5.71± 10.17 2.79± 23.65

50%

RD 17.49± 49.67 9.36± 75.00 10.40± 30.37 5.89± 48.28
AE 12.79± 38.67 6.84± 56.97 20.44± 41.48 11.52± 67.01
RP 12.11± 39.01 6.75± 61.67 10.61± 30.41 5.77± 48.64
CP 11.95± 38.97 6.82± 61.23 8.30± 11.92 4.47± 27.83
CR 5.99± 9.83 3.16± 22.66 5.83± 10.10 2.90± 22.04

25%

RD 28.23± 71.95 15.87± 107.18 12.71± 30.39 6.77± 49.26
AE 25.90± 65.64 14.40± 98.28 36.28± 73.65 19.55± 111.46
RP 27.65± 75.31 15.41± 111.82 8.34± 11.22 3.97± 23.26
CP 21.86± 60.28 13.03± 90.92 15.58± 35.3 8.42± 57.53
CR 7.63± 9.02 3.94± 22.78 17.51± 52.67 9.8± 78.57

Train data % Init. Pancreas Liver Spleen
Centroid Wall Centroid Wall Centroid Wall

100% RD 13.39± 9.73 8.98± 23.27 7.50± 5.22 4.35± 14.07 6.63± 9.68 4.10± 23.02

50%

RD 16.45± 9.00 10.74± 26.77 12.79± 8.19 6.89± 22.6 13.24± 36.97 8.54± 56.87
AE 15.59± 8.51 10.35± 24.35 14.07± 8.66 7.41± 24.39 12.36± 11.31 8.54± 31.16
RP 15.54± 7.98 11.13± 23.50 10.12± 8.85 6.18± 22.31 7.64± 10.16 4.77± 24.41
CP 14.76± 8.78 10.07± 26.26 9.91± 6.78 5.03± 15.39 7.79± 11.41 4.82± 25.98
CR 14.76± 8.10 10.14± 24.86 8.91± 6.20 4.67± 16.83 7.07± 9.54 4.05± 22.17

25%

RD 22.09± 11.72 17.14± 39.23 12.02± 6.46 7.14± 20.27 24.86± 36.64 15.30± 61.38
AE 17.67± 8.40 12.24± 25.54 16.79± 9.47 9.56± 28.30 22.65± 47.91 13.95± 73.05
RP 17.84± 8.94 11.74± 25.06 15.59± 9.79 9.25± 29.74 14.51± 38.89 9.95± 62.12
CP 21.81± 11.44 18.59± 41.57 11.40± 8.69 6.18± 22.50 10.34± 9.92 7.56± 27.58
CR 16.01± 8.46 11.78± 28.79 11.17± 9.03 7.52± 25.68 8.39± 6.28 5.82± 19.50

CNNs using other pretraining strategies.
In terms of different organs, the distance variance of cen-

troid and walls in kidneys is significantly larger than that of
other organs. This is because not all patients have two kidneys.
It is challenging for CNNs to distinguish two kidneys individu-
ally because of inter-subject variance. CNNs are more likely to
make mistakes based on less training data. Although the CNN
pretrained using the RP method on quarter training data out-
performs that using context restoration pretraining, it performs
much worse in left kidney. Regarding the pancreas, the perfor-
mance of CNNs without pretraining decreases slightly when the
training data halves. However, it decreases significantly when
there is only quarter training data. In the opposite, in terms
of the liver, the CNN performance decreases sharply with half
training data; while it remains stable with quarter training data.
On the spleen, the situation is different. The CNN performance
keeps decreasing rapidly with less and less training data. It is
noteworthy that if less training data leads to significant decrease
of results, self-supervised learning is likely to improve the re-
sults significantly.

4.4. Brain Tumour Segmentation
Overview: Gliomas are the major brain tumours occur-

ring in adults. They are routinely assessed using MR imaging

(Bakas et al., 2017b). Accurate segmentation of gliomas on
MR image is a key step for quantification. Our segmentation
task is based on the Brain tumour segmentation (BraTS) chanl-
lenge (Menze et al., 2015). The task is to segment the necrotic
and non-enhancing tissues, the peritumoral edema, and gadolin-
ium enhancing tissues of tumour (Bakas et al., 2017a) on multi-
modal MR images. Figure 7 shows such an example.

Dataset: We use the dataset of the BraTS 2017 challenge
which consists of 285 subjects. Each subject has MR images in
multiple modalities, namely, native T1 (T1), post-contrast T1-
weighted (T1-Gd), T2-weighted (T2), T2 fluid attenuated inver-
sion recovery (FLAIR). These images were preprocessed that
images in different modalities are co-registered into the same
anatomical template; skulls are removed; and voxels are resam-
pled into the isotropic resolution (1mm3) (Menze et al., 2015).
Intensities are normalized to zero mean and unit variance. We
use 142 out of the 285 images for training and validation and
remaining 143 ones for testing.

Implementation: For the tumour segmentation in this work,
we use a 2D patch-based CNN approach as suggested in (Kam-
nitsas et al., 2017; Chen et al., 2017) in medical image segmen-
tation since medical images usually have large sizes while le-
sions of interest are small. Figure 4 shows an example of such
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Figure 6: An example of abdominal CT image in axial, coronal, and sagittal
views. The pancreas, left kidney, right kidney, liver, and spleen are colours in
red, green, blue, yellow, and purple, respectively.

patches. The patch size used is 64 × 64. The CNN used in
this experiment is a 2D U-Net (Ronneberger et al., 2015). The
learning rate is fixed as 0.001. We follow the post-processing
strategy proposed in (Kamnitsas et al., 2016): a 3D dense con-
ditional random fields (CRFs) (Krähenbühl and Koltun, 2011)
is used to refine the output of whole tumour structures; isolated
voxel clusters of whole tumours less than 1000 voxel size are
then removed based on the connected component analysis; the
predicted voxels of tumour cores outside the regions of whole
tumours are removed.

Evaluation: The evaluation is not based on three tumour

classes individually. It is based on the following three classes:
the whole tumour region which include all tumour structures,
the tumour core region which include tumour structures except
edema, and the enhancing tumour core region. We use the same
evaluation metrics in the BraTS 2017 challenge: Dice score,
sensitivity, specificity, and Hausdorff distance. Particularly, we
use a robust version of the Hausdorff distance (Hausdorff95),
which measures the 95% quantile, instead of the maximum dis-
tance between two surfaces.

Results: Table 5 shows the results on the BraTS problem.
The general experiment settings are similar to the previous ex-
periments. According to the results, U-Nets (Ronneberger et al.,
2015) initialised by context restoration pretraining achieve the
best performance in total.

In terms of different pretraining strategies, the auto-encoding
pretraining does not improve CNN performance, which has been
verified in previous experiments. This is also similar to the
previous experiments that pretraining based on relative posi-
tions and context prediction tasks improves the segmentations
but they are not as good as the pretraining based on the con-
text restoration task. Again, self-supervision based on context
restoration offers best pretraining startegy for the segmentation
task.

The decrease in U-Net performance is not significant ev-
ery time when the size of the training data halves. Therefore,
the differences in performance among different self-supervision
strategies are not significant. The performance using self-supervision
based on context restoration approaches that of random ini-
tialisation on a larger dataset. For instance, using 50% of the
training set, the proposed self-supervision strategy offers simi-
lar performance to using the whole training set. The Dice score
in enhanced tumour core, the sensitivity in non-enhanced and
enhanced tumour cores, and the Hausdorff distances in all as-
pects are even slightly better.

5. Discussion and Conclusion

In this paper, we proposed a novel self-supervised learn-
ing strategy based on context restoration. This enables CNNs
to learn useful image semantics without any labels. The sub-
sequent task-specific CNNs benefit from this pretraining. We
conclude from the existing self-supervised feature learning lit-
erature that the ideal pretraining task should have similar goal
to the subsequent task. Particularly, in medical image analy-
sis, the image context is the common feature for classification,
localization/detection, and segmentation tasks. Therefore, the
context restoration learning contribute to learning features for
these goals.

In addition, the CNNs for context restoration can be struc-
tured in flexible architectures depending on subsequent tasks.
The idea is to ensure subsequent tasks can make full advantages
of the weights from pretrained CNNs. Furthermore, the imple-
mentation of the context restoration task is simple and straight-
forward, meaning that it can be widely used. Compared with
the existing strategies such as relative positions and context
prediction, solving the context restoration task requires pattern
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Figure 7: An example of MR image in multiple modalities with gliomas and the tumour structure annotations. In the manual annotation image, the background,
edema, non-enhancing tumours, and enhancing tumours are coloured in purple, green, blue, and yellow, respectively.

Table 5: The segmentation results of the customised U-Nets (Ronneberger et al., 2015) in different training settings. The entries in bold highlight the best comparable
results. The RD, AE, RP, CP, CR are short for random, auto-encoder (Bengio et al., 2007), relative positions (Doersch et al., 2015), context prediction (Pathak et al.,
2016), and our proposed context restoration.

Train data % Init. Dice % Sensitivity % Specificity % Hausdorff95
Whole Core Enh. Whole Core Enh. Whole Core Enh. Whole Core Enh.

100% RD 86.56 77.04 66.31 87.05 77.28 77.62 99.88 99.94 99.95 30.78 25.03 25.74

50%

RD 84.41 75.55 65.11 84.75 77.76 80.2 99.86 99.91 99.94 31.29 25.26 26.81
AE 84.33 71.85 65.07 84.71 74.19 77.38 99.87 99.91 99.95 33.36 25.24 24.56
RP 84.38 75.65 66.73 84.65 77.02 79.48 99.87 99.92 99.95 36.43 23.15 20.69
CP 84.54 73.86 66.01 84.59 75.28 79.46 99.86 99.92 99.94 33.59 28.59 26.90
CR 85.57 76.2 68.24 83.83 78.17 80.53 99.89 99.92 99.95 26.41 20.34 24.38

25%

RD 81.91 71.22 62.57 84.08 75.68 75.98 99.82 99.89 99.94 36.34 37.21 31.57
AE 83.05 68.92 61.28 83.90 76.52 76.75 99.85 99.86 99.93 33.21 34.9 31.95
RP 82.38 71.33 61.86 84.23 72.53 75.38 99.83 99.92 99.94 37.83 31.81 31.04
CP 83.19 71.55 62.77 85.75 73.68 76.88 99.83 99.91 99.94 36.21 36.45 31.90
CR 84.27 73.43 64.12 85.57 78.79 79.14 99.85 99.89 99.94 33.15 32.18 30.61

recognition and prediction, which ensures the context restora-
tion task offers more efficient image semantics.

We have validated the proposed context restoration pretrain-
ing on three types of representative tasks in medical image anal-
ysis, which are classification, localization, and segmentation.
Each of these tasks are based on a different type of medical im-
ages. The classification task is based on fetal 2D ultrasound
images; the localization task is based on abdominal CT image;
and the segmentation task is based on multi-modal brain MR
images. In all three tasks, context restoration pretraining out-
performs other pretraining methods. These results underlines
the advantages of our context restoration strategy. In our exper-
iments, we found that if the reduction of training data causes
significant performance decrease, the context restoration pre-
training can offer significant performance improvement over
the baselines.

In computer vision, many CNNs are pretrained before the
main task. For instance, the Faster R-CNN (Ren et al., 2015) is
based on the pretraining of the VGG-Net (Simonyan and Zis-
serman, 2014). This type of pretraining leads to good detec-
tion results in the Faster R-CNN. However, it was reported that
the self-supervised pretraining is not as good as the supervised
pretraining (Larsson et al., 2017). This is not verified in this

paper since in medical image analysis, it is difficult to conduct
supervised pretraining, which requires a large number of anno-
tations. However, it is noteworthy to exploring more powerful
self-supervised learning method so that the self-supervised pre-
training can be as good as supervised pretraining in the future.
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