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Abstract. Liver disease, especially Non-Alcoholic Fatty Liver Disease
has reached high levels, and there is a need for non-invasive tests based on
quantitative MRI to replace biopsy in order to better assess liver health.
An automated quantitative liver segmentation approach is required to
automate these tests and in this work we propose a fully convolutional
framework with a novel objective function for quantitative liver segmentation. The method has (to date) been tested on quantitative T1 maps
generated from the UK Biobank study. We obtained extremely encouraging results on an unseen test set with a Dice score of 0.95, and Sensitivity
0.98 and Specificity 0.99.
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Introduction

Liver disease has already reached high levels worldwide [12]. In some developed
countries, up to one third of all adults have some form of liver disease, increasingly Non-Alcoholic Fatty Liver Disease (NAFLD). Up to 12 percent of people
with NAFLD go on to develop the more severe Non-Alcoholic Steatohepatitis
(NASH) [2]. The current reference standard for the diagnosis and grading of liver
disease is biopsy, but this is limited by its invasiveness, frequent complications,
and sampling: a liver biopsy typically represents just 1/50,000th of the whole
liver volume and is unable to characterise heterogeneous liver tissue. Furthermore, there can be considerable variability in histological interpretation of liver
biopsy samples [3]. These factors highlight the need for a non-invasive method
to assess quantitatively a greater volume of the liver.
Quantitative MRI has been shown to be one of the key modalities for noninvasive assessment of NAFLD [10]. It enables quantitative and repeatable assessment of the whole liver region. In practice, quantitative measurements are
typically performed manually by a trained human operator who places regions
of interest within the liver image, avoiding vessels and image artefacts. Such
manual analysis inevitably leads to inter-rater variability and possibly bias, not
least when the liver tissue is particularly heterogeneous. This highlights the need

Fig. 1. Perspectum Diagnostics’s LIF liver score calculation and corrected T1 based
on multi-parametric quantitative analysis

to automate this part of the analysis, and a critical step is automated liver segmentation.
Perspectum Diagnostics (www.perspectum-diagnostics.com) provides a cloudbased service that enables quantification of liver health based on cT1 (quantitative T1 corrected for iron), T2* (to measure iron burden), and Proton Density
Fat Fraction (PDFF), whose fusion as LiverMultiscan is eﬀective for detecting
NAFLD [1]. The cT1 is measured in milliseconds, typically in the range 5001500ms, but is often mapped onto a scale of 0-4, called the Liver Inflammation
and Fibrosis (LIF) Score [10] (see Figure 1). This enables a hepatologist to relate the LIF score to histology grades such as the Ishak score. The LIF score is
based on the distribution of cT1s in patients whose disease status is confirmed
by biopsy. Perspectum is analysing many thousands of cases per annum, including those from the ongoing UK Biobank study (http://www.ukbiobank.ac.uk)
which currently has over 10,000 cases [13]. Studies of this scale further emphasise
the need for automated and objective, quantitative analyses of data in order to
provide population based biomarkers for use in prospective studies of liver disease. Semi-automatic liver segmentation methods have already been built into
Perspectum’s analysis workflow; however, this paper reports a fully automatic
segmentation method to reduce user interaction and inter-rater variability.

Liver segmentation from MRI is challenging, not just because of the intrinsic
variability of (diseased) liver tissue, but because of the variability in acquisitions and protocols, as well as motion artefacts arising from potentially longer
acquisition times compared to CT. However, quantitative imaging sequences enable calculation of the underlying tissue parameters such as T1, T2* and PDFF,
which are robust to variation in acquisition (T1 and T2* are still related to field
strength). These techniques require the acquisition of a series of images to construct the quantitative maps and so currently just one (or a limited number of)
2D slices are acquired to minimise acquisition time and, therefore, liver motion
eﬀects. This makes the segmentation more challenging because we cannot use
volumetric shape information as a prior and regions of the liver may appear
disconnected in the axial slice. In addition, for quantitative assessment of liver
parenchyma, it is also important to exclude ducts and larger blood vessels from
the segmentation – making this a unique challenge. In NAFLD, there is also considerable variation in liver health due to fibrosis, steatosis, and any segmentation
method must be robust to such variations.
Deep convolutional networks have shown considerable potential in image
analysis for detection and segmentation [11, 8]. In this paper, we demonstrate
that a deep network is eﬀective for the delineation of the liver and exclusion of
vessels in quantitative images, even where there is considerable variation of liver
health. This work makes a number of novel contributions: we are not aware of
any studies that have used quantitative MRI scans to perform automated liver
segmentation even though this provides a reliable quantification of the underlying tissue, and deep learning in quantitative MRI also appears to be novel.
Our method builds on fully convolutional neural network research and applies it to quantitative liver segmentation. We make a number of improvements
including modification of the loss function, to make it more appropriate to segmentation in biological images. In Section 2 we discuss previous methods for
liver segmentation. We introduce our approach in Section 3. Our method has
been tested on a cohort from the Biobank trial (Section 4) and results from an
independent test set are shown in Section 5.
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Background

Few methods have been developed to segment the liver region from MRI because of the challenges in scanner and sequence variability; rather, most reported
methods have been developed for CT [6]. Cheng et al. propose a MRI liver segmentation method that uses a 2D liver shape model as a prior [4]. However, it
assumes that the liver appears as a single connected region in the acquisition
slice, which is not always the case for certain slices through the liver. We also
wish to exclude liver vessels as part of the segmentation and so a shape model
is not appropriate. Masoumi et al. [9] combine the watershed transform with a
neural network to optimise the segmentation; the network is used to iteratively
optimise the parameters of the watershed transform. This approach is limited

by the definition of the watershed transform and would not be eﬀective for cases
with a large variation in liver health and pathology.
Instead, we aim to take advantage of modern approaches to segmentation –
in particular, fully convolutional neural networks such as U-Nets [11, 8]. Such
methods use stacked convolutional, ReLu, and pooling layers to automatically
learn features (low level features such as edges in the first layers to high level
features such as textures and objects in the later layers). Fully convolutional networks do not have any fully connected layers and have been shown to be eﬀective
for pixelwise labelling of an image [8]. In the U-Net formulation, the first half
of the network combines convolutional and max pooling layers to learn higher
order representations within the image, while the second part is based on upsampling and convolution, and translates the representation back into a pixelwise
labelling. Merge layers combine low level features into the final segmentation
[11].
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Method

A fully convolutional deep neural network was developed for this analysis based
on U-Nets [11]. The input is a 2D T1 quantitative map whose dimensions are
288 ⇥ 384. The network architecture is shown in Figure 2 and uses 15 stacked
convolutional layers with 3 ⇥ 3 kernels. Between every second layer of the first
6 there are 2 ⇥ 2 pooling layers to produce a high level representation and
2 ⇥ 2 upsampling layers in the second half to convert that representation into
a pixelwise segmentation. Convolutional weights were initialised with a Glorat
uniform initialiser and biases were set to 0 . The upsampling followed by a
merge layer is used to combine the low level features with higher level features
into the final segmentation (upsampling is used to create images of the same
dimension for merging). The network is somewhat shallower than U-Nets because
of the currently limited training data. We also modify the network to avoid
representionational bottlenecks by extending the number of filters in the layer
before applying maxpooling rather than the layer after maxpooling as shown
in Figure 2. This minimises the loss of the representation during the pooling
stage. The number of filters per layer are shown in the figure. The final layer
translates the features into a fuzzy image segmentation. A threshold of 0.5 is
used to convert the segmentation into a binary labelling.
Data augmentation To date, we have worked with a relatively small dataset
and there is an inevitable risk of overfitting to the training set. For this reason,
data augmentation is required. We applied random aﬃne transforms to each
batch during training in a range of 4 degrees rotation, 10% translation, and 10%
scaling. This transformation is applied to each case at training time, so at every
epoch the same case will have a diﬀerent transformation.
SensSpec Objective function A novel objective function was used to train
the method. This score aims to jointly optimise sensitivity and specificity of the
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Fig. 2. Fully convolutional segmentation framework for T1 liver segmentation

detection compared to the ground truth, which we found to produce a stable
optimisation.
We chose this objective function because in medical images the labelled region
often occupies only a small proportion of the entire image – unlike scene labelling
problems used in computer vision. We found that this makes commonly used
objective functions such as cross-entropy and mean squared error less eﬀective
because there was a bias towards the background label on problems such as this
where the training set is unbalanced. The SensSpec objective that we propose is
as follows:
ˆ =
L(✓, ✓)

(1)
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where Se and Sp are Sensitivity and Specificity respectively. ✓ is a vector
of ground truth image pixel labels and ✓ˆ are the fuzzy predicted labels. The
8 operator means that only ground truth foreground values are used to calculate Sensitivity and only ground truth background values are used to calculate
specificity.
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Data

UK Biobank is a groundbreaking trial for assessing risk factors in an apparently
healthy population aged between 40-69 years. The trial is ongoing and aims to
collect biomarkers, lifestyle factors, and medical images from the UK population.
As part of this study, Perspectum Diagnostics performs Liver Inflammation and
Fibrosis (LIF) analysis using quantitative MRI acquired in the study participants
[13].
MR imaging was performed on a Siemens 1.5T MAGNETOM Aera at the
dedicated Biobank Imaging Centre at Cheadle (UK). The shMOLLI acquisition
protocol, which samples the T1 recovery curve using a single-shot steady state
free precession acquisition, was used to acquire single slice T1 relaxation time
maps in a transverse plane through the right lobe of the liver and spleen. Acquisition parameters were TR=4.94ms, TE=1.93 ms, flip angle = 35 degrees and
voxel size = 1.15 x 1.15 x 8mm. Quantitative T1 parameter maps were then
calculated by fitting T1 recovery curves to the acquired data.
For this initial study, we used 170 cases that had been segmented by an expert. Since the UK Biobank participant population mainly represents a diseasefree population, this study included 100 participants with LIF 2 and 70 with
LIF < 2. This is because LIF
2 has been shown to correlate closely with
subsequent adverse liver events [10]. The dataset ensures a "suﬃcient" number
of unhealthy cases in the cohort. The cohort was then randomly split into 80%
training and 20% test (unseen by the algorithm). A second cohort of 100 Biobank
cases (also unseen by the algorithm) was acquired after the initial submission as
a general test with no specific requirement for pathology.
As noted above, "ground truth" liver segmentations had been delineated by
an expert using an in-house semi-automatic liver segmentation tool for all cases.
The tool used level sets based on user-defined landmark points to segment the
liver and remove vessels. The user can then manually refine the segmentation if
required. Finally, a third cohort of 166 cases was semi-automatically segmented
by two readers, and was used to assess the DSC inter-rater agreement. This
third cohort partly overlaps the first two. It is not exactly the same because we
selected data that had already been annotated by two readers for other purposes.
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Experimentation and Results

The fully convolutional network was implemented in Python using Keras [5] with
Tensorflow as the backend. The method was trained on the 136 training set for
1500 epochs in batches of 20 cases (with augmentation). The Adam optimiser
[7] with a learning rate of 5E-5 was used with our proposed SensSpec objective
function. Training time took 290 minutes using an Ubuntu system with an Nvidia
Titan X GPU. Once trained, the mean time was 2.81s per case on a Macbook
with a dual core i5 CPU (The TitanX machine is only used during training).
Dice Similarity Coeﬃcient (DSC) was used to evaluate the similarity between
the semi-automatic ground truth and the automatic segmentation defined as

Fig. 3. A boxplot showing the DSC of the original test set (Test 1 with n=34), an
extended test set (Test 2 with n=100) and the DSC inter-rater agreement using a
semi-automatic method.

follows:

ˆ
2|✓ \ ✓|
ˆ
|✓| + |✓|

(3)

where ✓ and ✓ˆ are the automated segmentation and ground truth. A DSC
of 1 is a perfect match between the regions and a DSC of 0 means that there
was no overlap. On the unseen test sets, the method achieved a DSC 0.95 and
0.94, respectively for the two test sets. The inter-rater variability using the semiautomatic method was 0.99. A boxplot of the DSC scores for the entire test set
is shown in Figure 3. Mean sensitivity and specificity for the test set were 0.98
and 0.99, respectively. Figures 4 and 5 show the ground truth and automated
segmentation for example cases in the test sets.
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Discussion and Conclusion

This method provides a highly accurate and completely automated approach
to segmenting the liver (and excluding vessels and ducts) from quantitative T1
images, and is the first step in complete automation of T1 liver tissue assessment from MRI. The method achieved a DSC of 0.95 and 0.94 for the two test
sets compared to the semi-automatic ground truth. The inter-reader variability
was 0.99. However, this was performed using the same in-house semi-automatic
software so it is likely that there is a tendency towards similarity. Next, we
plan to have the automatic and semi-automatic ground truth blindly assessed
to determine which appears because we have had qualitative feedback that the
automated method often appears to be better than the ground truth.
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Fig. 4. Semi-automatic ground truth segmentation vs the proposed automated segmentation scheme on quantitative T1 maps. The colormap visualises normal and abnormal
T1 ranges (in ms, green = normal, red = high)
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Fig. 5. Semi-automatic ground truth segmentation vs the proposed automated segmentation scheme on quantitative T1 maps (in ms)

Once trained, the segmentation method is fast with a mean time of 2.81s
just on the CPU, and therefore a GPU is only required for training the network.
This is useful for deployment in production systems.
The poorest performing case (outlier in Test 1 of Figure 3) had a DSC of
0.82 and is shown on the bottom row of Figure 5. This is a particularly complex
case due to the presence of large vessels and ducts. There also appears to be
breathing artefacts in this case. It could be argued that the automated segmentation method is more sensitive to liver parenchyma and excludes more vessels
than the ground truth.
To understand if the method is overfitting we also calculated the DSC for
the training set. The mean DSC for the training data was 0.96 which suggests
that data augmentation has been eﬀective in making the training robust and
avoiding overfitting. We still expect that using a larger training set will make
the method more robust.
The loss function that we propose provides a stable optimisation and is robust
to training against unbalanced dataset where the region of interest is much
smaller than the background. The loss function could be adapted to maximise a
diﬀerent classification operating point of the Receiver Operating Characteristics,
if desired. For comparison, we attempted to use the mean squared error but, due
to the unbalanced labelling, this loss function quickly fell into a local minima
where the entire image was classified as non-liver.
UK Biobank has over 10,000 images, and is scheduled to grow to 100,000,
which highlights the need for an automated approach. In this initial study we
used 136 cases for training, an initial test set of 34 and later an additional test set
of 100 because of the time taken to create a ground truth. We have shown that
with data augmentation the fully convolutional network is capable of learning
from relatively small datasets. In future we intend to train the approach on a
much larger cohort once we have performed manual labelling. This would also
allow testing of a deeper implementation of the network.
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