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Highlights

• An effective end-to-end integrated framework for full
quantification of cardiac LV.

• A brand-new multitask relationship learning method
for deep neural networks.

• Proof of the convexity and proposing of an efficient
algorithm for the framework.
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Full Left Ventricle Quantification via Deep Multitask Relationships Learning

Wufeng Xuea,b, Gary Brahma,b, Sachin Pandeya,b, Stephanie Leunga,b, Shuo Lia,b,∗

aDept. of Medical Imaging, Western University, London, ON, Canada
bDigital Image Group (DIG), London, ON, Canada

Abstract

Cardiac left ventricle (LV) quantification is among the most clinically important tasks for identification and diagnosis
of cardiac disease. However, it is still a task of great challenge due to the high variability of cardiac structure across
subjects and the complexity of temporal dynamics of cardiac sequences. Full quantification, i.e., to simultaneously
quantify all LV indices including two areas (cavity and myocardium), six regional wall thicknesses (RWT), three LV
dimensions, and one phase (Diastole or Systole), is even more challenging since the ambiguous correlations existing
among these indices may impinge upon the convergence and generalization of the learning procedure. In this paper, we
propose a deep multitask relationship learning network (DMTRL) for full LV quantification. The proposed DMTRL
first obtains expressive and robust cardiac representations with a deep convolution neural network (CNN); then models
the temporal dynamics of cardiac sequences effectively with two parallel recurrent neural network (RNN) modules.
After that, it estimates the three types of LV indices under a Bayesian framework that is capable of learning multitask
relationships automatically, and estimates the cardiac phase with a softmax classifier. The CNN representation, RNN
temporal modeling, Bayesian multitask relationship learning, and softmax classifier establish an effective and integrated
network which can be learned in an end-to-end manner. The obtained task covariance matrix captures the correlations
existing among these indices, therefore leads to accurate estimation of LV indices and cardiac phase.

Experiments on MR sequences of 145 subjects show that DMTRL achieves high accurate prediction, with average
mean absolute error of 180 mm2, 1.39 mm, 2.51 mm for areas, RWT, dimensions and error rate of 8.2% for the phase
classification. This endows our method a great potential in comprehensive clinical assessment of global, regional and
dynamic cardiac function.

Keywords: multitask learning, left ventricle quantification, multitask relationship, Bayesian framework
2010 MSC: 00-01, 99-00

1. Introduction

Accurate quantification of left ventricle (LV) from car-
diac imaging is among the most clinically important and
most frequently demanded tasks for identification and di-
agnosis of cardiac diseases (Karamitsos et al., 2009). To5

provide a comprehensive global and regional cardiac func-
tion assessment, full quantification of cardiac LV is re-
quired, which simultaneously quantifies, for every frame
in the whole cardiac cycle, multiple types of cardiac in-
dices, such as cavity and myocardium areas, regional wall10

thicknesses, LV dimension and cardiac phase, as shown in
Fig. 1.

In clinical practice, LV quantification is completed by
manually delineation of the borders of cardiac myocardium,
which is time-consuming and tedious. Great efforts have15

been devoted into automatizing this procedure. However,
obtaining reliable and accurate full quantification of car-
diac LV is still an extremely challenging ambition due to

∗Corresponding author
Email address: slishuo@gmail.com (Shuo Li)

1) the inhomogeneity of cardiac appearance within each
image and the high variability of cardiac structure across20

subjects and in presence of various pathologies, 2) the
complicated global/regional temporal deformation of my-
ocardium during the cardiac cycle, and 3) the ambiguous
relationships among different indices which impinge upon
the convergence and generalization of the learning proce-25

dure. Existing efforts in cardiac quantification have been
limited to one index only, i.e, the LV cavity area1, which
relates to ejection fraction and is the easiest index to esti-
mate among the above mentioned ones. Other indices have
been neglected for a long period, despite their critical role30

in regional and dynamic cardiac function assessment.
In order to achieve a reliable and accurate solution,

we propose a Deep MultiTask Relationship Learning net-
work (DMTRL) for full quantification of LV from short-
axis view cardiac MR images. The proposed DMTRL is35

capable of robustly representing cardiac images, effectively
capturing temporal dynamics of cardiac sequences, and ex-

1LV volume can be calculated by integration of LV cavity areas
along the long axis, thus is also included in LV cavity area.

Preprint submitted to Medical Image Analysis September 26, 2017
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Figure 1: Illustration of LV indices to be quantified for short-axis
view cardiac image. (a) Cavity (green) and myocardium (yellow)
areas. (b) directional dimensions of cavity (black arrows). (c) Re-
gional wall thicknesses (black arrows). A: anterior; AS: anterospetal;
IS: inferoseptal; I: inferior; IL: inferolateral; AL: anterolateral. (d)
Phase (systole or diastole).

plicitly modeling the correlations among different cardiac
indices.

1.1. Existing work on cardiac LV quantification40

Existing work on cardiac LV quantification fall into
three categories: 1) manual quantification; 2) segmentation-
based quantification; and 3) direct regression methods.

Manual quantification. In clinical practice, obtaining re-
liable quantification is subjected to manually contouring45

the borders of myocardium (Suinesiaputra et al., 2015).
However, manually contouring is a laborious and time-
consuming procedure, and prone to high intra- and inter-
observer variability. Besides, manually contouring of my-
ocardium is typically limited to the end diastolic (ED)50

and end systolic (ES) frames, which makes it insufficient
for dynamic function analysis during the whole cardiac cy-
cle. Persistent efforts have been dedicated to automatizing
cardiac quantification.

Segmentation-based quantification. Segmentation methods55

aim to segment out cardiac myocardium from the com-
plex surroundings, with the borders of epicardium and en-
docardium clearly delineated. Numerous methods (Peng
et al., 2016; Petitjean and Dacher, 2011) have been pro-
posed for cardiac LV segmentation, including categories60

of image-driven techniques, deformable models, and train-
ing based methods. To increase robustness and accuracy,
these methods usually require the use of prior information
and user interaction. Prior information can consist of as-
sumptions such as anatomical assumptions making use of65

the circular geometry of the LV(Gupta et al., 1993; Wu
et al., 2013), intensity histogram distribution (Pednekar

et al., 2006), or statistical shape model (Lötjönen et al.,
2004). User interaction can consist of pointing out the cen-
ter of the LV cavity (Gupta et al., 1993; Nachtomy et al.,70

1998), or manually tracing the ventricle border of the first
frame (Ayed et al., 2012). Inaccurate prior information
and strong user interaction may prevent LV segmentation
methods from efficient clinical application.

Direct regression methods. To circumvent these limitations,75

direct methods without segmentation have grown in popu-
larity in cardiac volumes estimation, and obtained effective
performance benefiting from machine learning algorithms.
These methods can be further ranged into two classes:
two-phase volume-only methods (Afshin et al., 2012, 2014;80

Wang et al., 2014; Zhen et al., 2014, 2016, 2015) and end-
to-end deep neural network based methods (Kabani and
El-Sakka, 2016; Xue et al., 2017a,b,c).

The former ones usually follow a common two-phase
framework: cardiac image representation and indices pre-85

diction. Cardiac images are usually represented by hand-
crafted features or those obtained by unsupervised learn-
ing, which include Bhattacharyya coefficient between im-
age distributions (Afshin et al., 2012, 2014), appearance
features (Wang et al., 2014), multiple low level image fea-90

tures (Zhen et al., 2014), as well as features from multiscale
convolution deep belief network (MCDBN) (Zhen et al.,
2016) and supervised descriptor learning (SDL) (Zhen et al.,
2015). Cardiac volumes are then estimated from these
features with a separated regression model. Despite their95

effectiveness, these methods suffer from the following lim-
itations: 1) The vulnerable hand-crafted features are not
capable of capturing task-relevant cardiac structures ro-
bustly; 2) Independently handling each frame without tem-
poral dynamic modeling can not guarantee the consistency100

of the estimated volumes across the whole cardiac cycle; 3)
The two phases are learned separately, instead of jointly,
therefore cannot adapt to each other well; 4) These meth-
ods focus on volumes estimation only.

The later ones employ deep neural networks in an end-105

to-end manner for cardiac indices estimation. However,
these methods either lack temporal dynamic modeling of
the cardiac sequences, or incapable of handling multitask
learning problems and characterizing the task relationship
for better generalization. Therefore, only inferior perfor-110

mance were obtained.

1.2. Methodology overview

The proposed DMTRL consists of four tightly inte-
grated modules. A deep convolution neural network (CNN)
is firstly designed for cardiac image representation, then115

two parallel recurrent neural network (RNN) are deployed
for temporal dynamic modeling of cardiac sequences. The
outputs of one RNN module are fed into a Bayesian based
multitask relationship learning module for LV indices esti-
mation, and the other one fed into a softmax classifier for120

cardiac phase identification.

4
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• To address the cardiac appearance challenge, we rep-
resent cardiac images with robust and task-aware
features that learned from a newly designed deep
CNN network. The obtained CNN features form a125

compact low-dimensional manifold for cardiac im-
ages, and are more expressive of cardiac structures
than hand-crafted ones.

• To tackle the temporal deformation challenge, we
model the dependencies between neighboring frames130

with long short-term units (LSTM) based RNN mod-
ules. The LSTM units can selectively memorize and
forget previous information when transforming the
CNN features into the RNN features, therefore de-
formation robust predictions can be obtained.135

• To cope with the multitask relationship challenge,
we design on top of the CNN and RNN modules a
Bayesian framework for multitask relationship learn-
ing in the final estimations of LV indices. Under
this framework, we model the prior of all tasks with140

a matrix-variate normal distribution, which is able
of explicitly capturing the relationships of the three
types of LV indices through a column covariance ma-
trix.

Convolution neural network. Our newly designed CNN145

takes advantages of the hierarchical representation (Zeiler
and Fergus, 2014) as well as the supervised mechanism, re-
sulting in expressive task-aware representations for cardiac
images. CNNs have demonstrated great success in med-
ical image analysis (Greenspan et al., 2016). In cardiac150

image analysis, CNN, as well as other deep models have
been employed in cardiac segmentation with optional re-
finement by deformable model (Avendi et al., 2016) and
level set (Ngo and Carneiro, 2013; Ngo et al., 2017). Fully
convolution network (FCN) was applied to cardiac segmen-155

tation (Tran, 2016) due to its success in semantic segmen-
tation of natural image (Shelhamer et al., 2017). In the
ACDC challenge of STACOM 2017, different CNN struc-
tures were proposed, including the 2D/3D U-net (Patravali
et al., 2017), grid-like CNN (Zotti et al., 2017), dilated160

CNN (Wolterink et al., 2017) and encoder-decoder archi-
tecture (Mortazi et al., 2017). Besides, a parallel coarse
and fine network was proposed in Tan et al. (2017) for
LV segmentation in the polar space domain. A 3D-CNN
model with deep supervised mechanism (Dou et al., 2017)165

was proposed for segmentation of volumetric images.
These different CNN models usually handles each frame

independently and is not capable of modeling the temporal
dynamics of cardiac sequences, which is very important to
quantification of all frames in the whole cardiac cycle.170

Recurrent neural network. In our work, two RNN mod-
ules are designed on top of the CNN to model the relevant
temporal dependencies for LV indices and cardiac phase,
respectively. With their outputs, accurate LV indices and
cardiac phase can be obtained across all frames, despite175

the deformation of cardiac structure. RNN, especially
when LSTM units are deployed, is specialized in long-range
temporal dynamic modelling and spatial context model-
ing, and has delivered promising results in language mod-
elling (Zhang et al., 2015), object recognition (Liang et al.,180

2015), visual recognition and description (Donahue et al.,
2015; Li et al., 2016), and also medical image analysis (Shin
et al., 2016; Kong et al., 2016; Poudel et al., 2016). In the
work of cardiac image segmentation (Poudel et al., 2016),
an RNN was employed to capture inter-slice spatial de-185

pendencies of cardiac structure. In Kong et al. (2016), an
RNN with LSTM was employed to model the temporal de-
pendencies in cardiac MR sequences. In Shin et al. (2016),
an RNN was trained to describe the contexts of detected
disease in chest X-Rays.190

Multitask relationship learning. We incorporate multitask
relationship learning into our deep neural network, lever-
aging both the powerful representation learning and the
effective multitask relationship learning. Multitask rela-
tionship learning (Zhang and Yeung, 2010; Zhou et al.,195

2011; Lin and Zhou, 2016) aims at improving the gener-
alization performance of a set of related machine learning
tasks by transferring knowledge among these tasks, and
suites well our aim of full LV quantification. However,
on one hand, most existing work learn task relationships200

based on fixed representation, which may not be optimal
for the tasks of interest or relationships learning. On the
other hand, deep neural network provides an effective way
of expressive representation learning, while the task re-
lationship learning in deep models has not been well ex-205

plored. Zhang et al. (2014) proposed a task-constrained
deep model for facial landmark detection, with task-wise
early stopping to facilitate learning convergence. Yin and
Liu (2017) utilized side tasks as regularization to disentan-
gle the variations from the learnt identity features of face210

recognition and assigned the loss weights of each side task
through a dynamic-weighting scheme. Taking side tasks
as regularization for the main task cannot fully exploiting
the multitask relationships to improve the generalization
of deep neural network. Combining deep neural network215

and multitask relationship learning makes perfect comple-
mentation to each other.

Two methods exist for tasks relationships modeling:
assumption-based regularization and data-driven task co-
variance learning. The former ones involve assumptions220

about task relationships, such as shared set of features via
sparsity induced norms (Liu et al., 2009; Gong et al., 2012;
Xue et al., 2017b), shared low dimensional subspace via
low-rank regularization (Chen et al., 2014), and cluster-
ing structures of multiple task (Jacob et al., 2009). Such225

assumptions are not always accurate and suitable for all
tasks. The later ones (Zhang and Yeung, 2010; Lin and
Zhou, 2016) model the multitask learning problem under a
Bayesian framework and learn task relationships automat-
ically from the training data through a multitask covari-230

ance matrix. The learned matrix is able of representing

5
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recurrent neural network (RNN) for temporal dynamic modeling of cardiac sequences, a Bayesian based multitask relationship learning module
for LV indices estimation, and a softmax classifier for cardiac phase identification.

positive, negative and no correlation between tasks. Bear-
ing these consideration, we combine the data-driven task
covariance matrix learning with our neural network and
propose an integrated deep multitask relationship learn-235

ing framework for the task of full LV quantification.

1.3. Contributions

The main contributions of this work are as follows:

• We propose for full quantification of cardiac LV an ef-
fective end-to-end integrated framework, which pro-240

vides for the first time an reliable solution for global
and regional dynamic cardiac function assessment.
The proposed framework obtains robust and accu-
rate prediction for three types of LV indices and one
cardiac phase on cardiac MR images of 145 subjects.245

• We propose a brand-new multitask relationship learn-
ing method for deep neural networks, which for the
first time enables generalization improvement of the
deep neural networks through automatically leverag-
ing the correlations among different tasks. The pro-250

posed method can be easily applied to other deep
multitask models.

• We prove the convexity of the proposed objective
function for deep multitask relationship learning, and
propose an efficient alternating gradient descent al-255

gorithm for its optimization, with the convergence
proved. This algorithm enables an end-to-end deep
multitask relationship learning and thus leads to im-
proved generalization of the network.

In this work, we advance our preliminary attempt on260

full LV quantification (Xue et al., 2017b) in the follow-
ing aspects: 1) conduct more comprehensive review on
cardiac LV quantification, providing a panorama of exist-
ing work; 2) automate the multitask relationships mod-
eling with accurate Bayesian-based multitask covariance265

matrix learning, instead of the predefined task-dependent
assumptions; and 3) carry out more extensive experiments
on performance analysis and comparison, validating the

great advantages of the proposed DMTRL over existing
state-of-art methods.270

The rest of this paper is organized as follows: In Sec-
tion 2 we first present details of the four modules of DMTRL
in 2.1, 2.2, 2.3, 2.4. Then we give the algorithm of opti-
mizing the proposed DMTRL framework in 2.5. Experi-
mental settings and details about dataset are introduced275

in Section 3. Results and detailed discussions are shown
in Section 4. Section 5 concludes the paper.

2. Deep MultiTask Relationship Learning (DMTRL)

The overview of our approach is shown in Figure 2. We
model full quantification of cardiac LV as a deep multitask280

learning problem, with four key modules specially designed
for cardiac MR images. Hereafter, we use X = {Xs,f} as
the input cardiac images, where s = 1 · · ·nS indicates the
subject and f = 1 · · ·nF indicates the frame. The LV
indices and cardiac phase are denoted as {ys,ft }, where285

t ∈ {area, dim, rwt, phase}, and ys,ft ∈ Rkt , with kt the

dimensionality of ys,ft .

2.1. Cardiac image representation by deep CNN

Convolution Batch normalization ReLU Max Pooling
(5X5, stride=2)

conv1
5X5@20 conv2

5X5@40 conv3
5X5@40

75X75 34X34 14X14 4X4

fc1
4X4@1000

fc2
1X1@100

1000 100

Figure 3: Architecture of the newly designed CNN for cardiac MR
images. The operation type of each layer is encoded in colors. The
size and number of convolution kernel are shown above the diagram,
while the dimensionality of output is shown below. Our CNN is
adequate for robust representation of cardiac images with a small
size of network parameters.

6
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conv1

conv2

conv3

Figure 4: Visualization of feature maps obtained by our CNN for a
example cardiac image.

To obtain expressive representations of cardiac images,
we design for cardiac images a new CNN which is adequate
to capture the variations of cardiac structures and ap-
pearances with a small size of network parameters (∼1M).
Given the fact that all cardiac images share approximately
the same spatial layout, which is of less variation than nat-
ural images, we configure a relatively low number of filters
for each convolution layer to avoid model redundancy. As
for the kernel size of convolution and pooling, 5 × 5, in-
stead of the frequently used 3×3, is deployed to introduce
more shift invariance. Dropout and batch normalization
are adopted to alleviate the training procedure. As can
be seen in our experiments, our CNN is very effective for
cardiac images even without transfer learning. As a rep-
resentation learning network, our CNN maps each cardiac
image Xs,f into a fixed-length low dimensional vector:

es,f = fcnn(Xs,f |wcnn), (1)

where es,f ∈ R100, and wcnn is the set of parameters in
our CNN. The architecture of our CNN is illustrated in290

Figure 3.
Our CNN captures effectively the structures of cardiac

images, as shown in Figure 4. The 20 filters of layer conv1
captures low level visual features of cardiac images, includ-
ing low frequency appearance of the ventricles, textures of295

the ventricles, cardiac myocardium as well as the textures
in the background. With the low level features of cardiac
structure in conv1 feature maps as input, conv2 layer ex-
tracts more complex cardiac structures by combining low
level features. The high frequency noise or textures, which300

are not related to the cardiac indices, are discarded in this
procedure. The conv3 feature maps, with a resolution of
10×10, cannot keep the detailed structures. Instead, they
extract the indices-related features in each local area from
the structures of all conv2 feature maps during the training305

procedure.

2.2. Dynamic modelling of cardiac sequences by RNN

Accurate modeling of cardiac temporal dynamics im-
proves the quantification accuracy of current frame with

Figure 5: Architecture of the two RNN modules, which share the
CNN representation as input and capture respectively the related
features and temporal dynamics of cardiac sequences for LV indices
(top) and cardiac phase (bottom). The two RNN modules differ in
the parameters of LSTM.

information from neighboring frames. The four tasks in
this work can be divided into two types: 1) the three
types of LV indices, which are mainly related to the spa-
tial structure of cardiac LV in each frame, and 2) cardiac
phase, which is mainly related to the structure difference
between successive frames. Therefore, we design two RNN
modules, as shown in Figure 5, with each of them extract-
ing the related features and modeling the corresponding
temporal dynamics. The two RNN modules have the same
architecture and share the same CNN embeddings as in-
put. They differ in the parameters that are trained with
different supervised information. RNN-1 module will be
trained to predict the LV indices, while RNN-2 modules
will be trained to identify cardiac phase. The outputs of
RNN modules are

{hs,1m , , , , hs,nF
m } = frnn([es,1, ...es,nF ]|wm), (2)

where m ∈ {rnn1, rnn2} and wm is the set of parameters
in the RNN modules.

In our implementation, we utilize in RNN modules the310

LSTM unit (Graves, 2012), which is capable of learning
the long-term dynamics in sequential data and avoiding
the gradient vanishing/exploding problem in traditional
RNN. The input gate, output gate, forget gate and the
memory cell in LSTM allow the network to learn when to315

forget previous hidden states and when to update current
hidden states given current input. This strategy enables
LSTM to adaptively memorize and access information long
term ago. The computation details of LSTM can be found
in (Graves, 2012).320

2.3. Multitask relationship learning for LV indices

We introduces multitask relationship learning to effec-
tively improve the generalization of our deep multitask
neural network. Among the three types of LV indices to
be estimated, strong or weak correlations exist between325

and within each type of indices, as demonstrated in the
correlation matrix in Figure 6: 1) within task correlation
can be observed for the different outputs of RWT and those
of cavity dimensions; 2) between tasks correlation can be
observed for the three tasks, no matter positive or nega-330

tive correlation. Therefore, we completely leverage these

7
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correlations with the ambition of improving quantification
accuracy for all LV indices.

2.3.1. Probabilistic formulation

With the outputs of RNN-1, all the LV indices can be
estimated with a linear regression model:

ŷs,ft = wT
t h

s,f
rnn1 + bt, t ∈ {area, dim, rwt} (3)

where wt and bt are the weight and bias term of the linear
model for task t. For simplicity, the bias term will be
ignored in the following. Under the Gaussian assumption,
the likelihood for ys,ft given hs,frnn1 and wt is:

p(ys,ft |hs,frnn1,wt) = N (wT
t h

s,f
rnn1, ε

2
t Ikt

) (4)

where N (m,Σ) denotes the multivariate normal distribu-335

tion with mean m and covariance matrix Σ, ε2t is the vari-
ance of the estimation error for task t, and Ikt

is the iden-
tity matrix. Unless otherwise specified, t ∈ {area, dim, rwt}
in the following sections.

To model the multitask relationship, we incorporate a
prior on the weight matrix of the three regression tasks
W = (wrwt,warea,wdim) as follows:

p(W) ∝ (
∏

t

N kt(0d, ξ
2
t Id))q(W) (5)

where d is the dimensionality of hs,frnn1, 0d and Id are the
zero and identity matrix of size d × d. The first term is
the extension of ridge prior to the multitask learning sce-
nario and controls the model complexity of each task wt.
The second term encodes the task relationship, i.e, task
covariance, using a matrix-variate normal distribution.

q(W) = pMN (W|0d×K , Id ⊗Ω) (6)

where K =
∑
kt is the total output number for the three

regression tasks,MN (M,A⊗B) denotes the matrix-variate
normal distribution with mean M ∈ Rd×K , row covari-
ance matrix A ∈ Rd×d and column covariance matrix
B ∈ RK×K . Its probability distribution function is:

pMN (X|M,A⊗B)

=
exp(− 1

2 tr(A
−1((X−M)B−1(X−M)T)))

(2π)Kd/2|A|K/2|B|d/2
(7)

tr(·) denotes matrix trace and | · | denotes matrix deter-340

minant. The row covariance matrix A models the rela-
tionships between the input features, while the column
covariance matrix B models the relationships between the
weight parameters of each output in all the tasks, i.e, mul-
titask relationships. Since the input feature in our tasks345

is learned from cardiac images through the deep CNN and
RNN modules, independence between different dimension
of the feature is expected. Therefore, in Equation 6, we
use Id to model the feature relationships. As for the mul-
titask relationships Ω, we will learn it automatically from350

the data.
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Figure 6: Multitask correlation matrix computed from the ground
truth values of LV indices in our dataset. As can be seen, strong,
weak and no correlations exist among these 11 LV indices.

2.3.2. Maximum a posterior

According to the Bayesian theorem, the posterior dis-
tribution of W given the input data Hrnn1 = {hs,frnn1} and

Y = {[ys,frwt; y
s,f
area; ys,fdim]} is proportional to the product of

the prior distribution and the likelihood function:

p(W|Hrnn1,Y) ∝ p(Y|Hrnn1,W)p(W) (8)

Substitute Equations 4, 5, and 6 into 8, we obtain:

p(W|Hrnn1,Y)

∝(
∏

s,f

∏

t

N (wT
t h

s,f
rnn1, ε

2
t Ikt

))(
∏

t

N kt(0d, ξ
2
t Id))q(W)

=(
∏

s,f

∏

t

1√
(2π)ktεt

exp(−‖y
s,f
t −wT

t h
s,f
rnn1‖2

2ε2t
))

(
∏

t

exp(−‖wt‖2/(2ξ2t ))√
(2π)dktξkt

)
exp(− 1

2 tr(WΩ−1WT))

(2π)Kd/2|Ω|d/2
(9)

Take the negative logarithm and ignore the constant terms,
we can obtain the following objective function to optimize:

min
W,Ω

LMTL

=
∑

t

∑

s,f

1

ε2t
‖ys,ft −wT

t h
s,f
rnn1‖2 +

∑

t

1

ξ2t
‖wt‖2

+ tr(WΩ−1WT) + d ln |Ω|

(10)

The first three terms in Equation 10 are jointly convex
with respect to all variables, while the last term, which
penalizes the complexity of Ω is concave. For feasibility,
we replace this term with a constraint tr(Ω) = 1. Besides,
taking into account the size of dataset and introducing two
constants λ1, λ2 to mediate the weights of each term, the
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optimization problem in Equation 10 can be reformulated
as:

min
W,Ω

LMTL

=
1

nSnF

∑

t

∑

s,f

‖ys,ft −wT
t h

s,f
rnn1‖22

+ λ1
∑

t

‖wt‖2 + λ2tr(WΩ−1WT)

s.t. Ω ∈ SK+ , tr(Ω) = 1

(11)

where SK+ denotes the set of K-dimensional symmetric
positive semidefinite matrix. The first constrains holds
due to the fact that Ω is a task covariance matrix. The355

three terms in Equation 11 measure the prediction loss of
the three regression task, the complexity of W and rela-
tionships between each output of these tasks.

2.4. Softmax classification for cardiac phase

With the output of RNN-2, cardiac phase can be pre-
dicted by a softmax classifier.

ps,fl =
exp(wl,T

phaseh
s,f
rnn2)

exp(w0,T
phaseh

s,f
rnn2) + exp(w1,T

phaseh
s,f
rnn2)

(12)

where l ∈ {0, 1} denotes the two cardiac phase diastole and
systole, w0

phase and w1
phase are the first and second column

of wphase. Combined with penalty of model complexity,
the objective function for cardiac phase prediction is:

min
wphase

Lphase

= − 1

nSnF

∑

s,f

∑

l

1(ys,fphase = l) log
ps,fl

ps,f0 + ps,f1

+ λ1‖wphase‖2
(13)

2.5. Algorithm of DMTRL360

The whole framework of our DMTRL can be divided
into two parts: one for LV indices and the other for car-
diac phase. In this section, we first prove the convexity
of the two objective function when the CNN and RNN
modules are fixed, and then present a two-stage iterated365

optimization algorithm to train our network.
Given the output of RNN-1 and RNN-2, both problems

of 11 and 13 are convex with respect to their variables, as
will be proved in the appendix. The objective function
of multitask relationship learning LMTL consists of three370

terms, while the first two terms are both convex with re-
spect to W. Thus we only have to prove the convexity of
tr(WΩ−1WT) with respect to W and Ω. See appendix
A for the proof. The objective function of the softmax
classifier with weight decay in Equation 13 is also convex,375

as proved in Rennie (2005).
To avoid the imbalance of LMTL and Lphase and incon-

sistency of their convergence speed, we adopt a two-stage

Algorithm 1: Training procedure of DMTRL

Input: cardiac MR sequences: X ;
the ground truth LV indices and cardiac phase:
Yarea, Ydim, Yrwt, Yphase;
learning rate η, constants λ1, λ2.
Output: wcnn, wrnn1, wrnn2, warea, wdim, wrwt,

wphase, Ω;
1 initialize ws randomly, Ω = IK ;
/* first stage */

2 while LMTL not converged do
3 update wcnn, wrnn1 with back propagation from

LMTL;
4 update W as: W←W − η5W LMTL;

5 update Ω as: Ω← (WTW)
1
2

tr((WTW)
1
2 )

;

6 end
/* second stage */

7 keep wcnn, wrnn1, W, Ω frozen;
8 while Lphase not converged do
9 update wrnn2 with back propagation from

Lphase;
10 update wphase as:

wphase ← wphase − η5wphase
Lphase;

11 end
12 assign warea, wdim, wrwt with the corresponding

columns from W.

training procedure: firstly, the whole network is trained
with no feedback information from Lphase, that is, wrnn2380

and wphase are kept frozen in this stage; secondly, the
learned parameters of wcnn, wrnn1, W and Ω are kept
frozen, and wrnn2 and wphase are learned with feedback
from Lphase.

In both stages, the parameters learning of neural net-
works, such as wcnn, wrnn1 and wrnn2, can be optimized
through the usually utilized iterated stochastic gradient
descent (SGD) procedure. To optimize LMTL with re-
spect to W when Ω is fixed, multiple solutions can be
applied, such as linear systems in the dual space (Zhang
and Yeung, 2010) and FISTA (Beck and Teboulle, 2009).
To be compatible with the rest of our network, we adopt
SGD for optimization of W. The derivative of LMTL with
respect to W given fixed Ω is:

5W LMTL

=
2

nSnF
Hrnn1(HT

rnn1W − YT ) + 2W(λ1IK + λ2Ω
−1)

(14)

When W is fixed, the optimization of Ω becomes:

min
Ω

tr(WΩ−1WT)

s.t. Ω � 0, tr(Ω) = 1
(15)

which admits to an analytical solution (Zhang and Yeung,
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2010):

Ω =
(WTW)

1
2

tr((WTW)
1
2 )

(16)

The optimization of Lphase is also implemented by SGD.
The derivative of Equation 13 is:

5wl
phase

Lphase

= − 1

nSnF

∑

s,f

(1(ys,fphase = l)− ps,fl )hs,frnn2 +
2

λ1
wl

phase

(17)

Put all things together, we have the whole algorithm of385

training our DMTRL, as shown in Algorithm 1.

3. Experiment configurations

3.1. Dataset

We collected a dataset of 2D short axis cine MR im-
ages of nS = 145 subjects from 3 hospitals affiliated with390

two health care centers (London Healthcare Center and St.
Josephs HealthCare). The subjects age from 16 yrs to 97
yrs, with average of 58.9 yrs. The pixel spacings of the MR
images range from 0.6836 mm/pixel to 2.0833 mm/pixel,
with mode of 1.5625 mm/pixel. Diverse pathologies are in395

presence including regional wall motion abnormalities, my-
ocardial hypertrophy, mildly enlarged LV, atrial septal de-
fect, LV dysfunction, etc. Each subject contains nF = 20
frames throughout a cardiac cycle. In each frame, LV is
divided into equal thirds (basal, mid-cavity, and apical)400

perpendicular to the long axis of the heart following the
standard AHA prescription (Cerqueira et al., 2002) and a
representative mid-cavity slice is selected for validation of
our DMTRL.

All cardiac images undergo several preprocessing steps,405

including landmark labelling, rotation, ROI cropping, and
resizing. The resulted images are approximately aligned
with dimension of 80 × 80. Then, these cardiac images
are manually contoured to obtained the epicardial and en-
docardial borders, which are double-checked by two expe-410

rienced cardiac radiologists (A. Islam and M. Bhaduri).
The ground truth values of LV indices and cardiac phase
can be easily obtained from the two borders. The values
of RWT and cavity dimensions are normalized by the im-
age dimension, while the areas are normalized by the pixel415

number (6400). During evaluation, the obtained results
are converted to physical thickness (in mm) and area (in
mm2) by reversing the resizing procedure and multiplying
the pixel spacing for each subject.

3.2. Configurations420

In our experiments, 5-fold cross validation is employed
for performance evaluation and comparison. The dataset
is divided into 5 groups, each containing 29 subjects. Four
groups are employed to train the prediction model, and
the last group is used for test. This procedure is repeated425

five times until the indices of all subjects are obtained.
The network is implemented by Caffe (Jia et al., 2014)
with SGD solver. Parameters are decided by training on
the first 70% (101) subjects and validating on the following
10% (15) subjects. Learning rate are set to 0.3 for the first430

stage and 0.03 for the second stage. In both procedures,
step learning policy is employed with gamma and stepsize
being (0.5, 1000) and momentum 0.9. λ1 and λ2 are set
to 1e-5 and 1e-4.

3.3. Evaluation Criteria435

The performance of the proposed DMTRL framework
is evaluated in terms of estimation accuracy for LV quan-
tification, i.e, each LV index and cardiac phase, for all
frames in the cardiac cycle. For the three types of LV
indices, correlation coefficient ρ and mean absolute error440

(MAE) between the ground truth values and the estimated
ones are computed to assess the estimation accuracy. For
cardiac phase, error rate (ER) is computed. For two vec-
tors y ∈ RN and ŷ ∈ RN , they are computed as:

MAE(y, ŷ) =
1

N

N∑

i=1

|yi − ŷi| (18)

ρ(y, ŷ) =
2
∑N

i=1(yi −m1)(ŷi −m2)
∑N

i=1((yi −m1)2 + (ŷi −m1)2)
(19)

ER(y, ŷ) =

∑N
i=1 1(yi 6= ŷi)

N
100% (20)

where m1 = 1
N

∑N
i=1 y

i and m2 = 1
N

∑N
i=1 ŷ

i.445

4. Results and analysis

The effectiveness of the proposed DMTRL framework
for full LV quantification is thoroughly validated in three
folds. 1) Firstly, the quantification performance is exam-
ined for the three types of LV indices and cardiac phase.450

2) Secondly, the role of our multitask relationship learn-
ing is probed to demonstrate its capacity in generalization
improvement. 3) Thirdly, the advantages of DMTRL over
existing methods are revealed by comparing it with state-
of-art quantification methods, including one segmentation-455

based methods (Ayed et al., 2012), three two-phase volume
only direct methods (Zhen et al., 2014, 2015, 2016), and
one end-to-end methods that based on deep neural net-
work (Xue et al., 2017a,b).

4.1. Performance of full LV quantification460

As shown in the last row of Table. 1, DMTRL deliv-
ers accurate estimation for all the three types of LV in-
dices and cardiac phase, which can be attributed to the
integrated CNN representation, RNN temporal modeling,
and multitask relationship learning. Specifically, DMTRL465

achieves average MAE of 180±118 mm2, 2.51±1.58 mm,
and 1.39±0.68 mm, as well as average correlation of 0.945,
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Table 1: Performance of full LV quantification for existing state-of-the-art methods and the proposed DMTRL. MAE and ρ are shown in each
cell. DMTRL outperforms all existing methods for the three types of LV indices and cardiac phase in terms of average MAE and ρ.

Method
Max Flow Multi- SDL MCDBN Indices-Net FullLVNet FullLVNet DMTRL

features+RF +AKRF +RF (N/N) (intra/inter) (proposed)
Area (mm2)

A-cav
156±193 231±193 198±169 208±166 185±162 205±182 181±155 172±148

0.958 0.924 0.942 0.926 0.953 0.926 0.940 0.943

A-myo
339±272 291±246 286±242 269±217 223±193 204±195 199±174 189±159

0.851 0.729 0.742 0.723 0.853 0.925 0.935 0.947

Average
247±201 261±165 242±158 239±135 204±133 205±145 190±128 180±118

0.904 0.827 0.842 0.824 0.903 0.925 0.937 0.945
Dimension (mm)

dim1
2.81±2.76 3.53±2.77 2.99±2.43 2.88±2.48 \ 2.87±2.23 2.62±2.09 2.47±1.95

0.937 0.885 0.914 0.895 \ 0.938 0.952 0.957

dim2
2.60±2.62 3.49±2.87 2.55±2.30 2.45±2.01 \ 2.96±2.35 2.64±2.12 2.59±2.07

0.946 0.897 0.938 0.932 \ 0.864 0.881 0.894

dim3
2.49±2.88 3.91±3.23 3.10±2.54 2.93±2.49 \ 2.92±2.48 2.77±2.22 2.48±2.34

0.945 0.865 0.916 0.903 \ 0.924 0.935 0.943

Average
2.65±2.33 3.64±2.61 2.88±2.03 2.75±1.90 \ 2.92±1.89 2.68±1.64 2.51±1.58

0.943 0.882 0.923 0.910 \ 0.901 0.917 0.925
RWT (mm)

IS
1.53±1.73 1.70±1.47 1.98±1.58 1.78±1.40 1.39±1.13 1.42±1.21 1.32±1.09 1.26±1.04

0.796 0.729 0.599 0.611 0.824 0.806 0.840 0.856

I
3.23±2.83 1.71±1.34 1.67±1.40 1.68±1.41 1.51±1.21 1.53±1.25 1.38±1.10 1.40±1.10

0.720 0.603 0.582 0.462 0.701 0.678 0.751 0.747

IL
4.15±3.17 1.97±1.54 1.88±1.63 1.92±1.45 1.65±1.36 1.74±1.43 1.57±1.35 1.59±1.29

0.743 0.483 0.515 0.435 0.671 0.618 0.691 0.693

AL
5.08±3.95 1.82±1.41 1.87±1.55 1.66±1.20 1.53±1.25 1.59±1.31 1.60±1.36 1.57±1.34

0.706 0.533 0.493 0.547 0.698 0.657 0.651 0.659

A
3.47±3.25 1.55±1.33 1.65±1.45 1.20±1.01 1.30±1.12 1.36±1.17 1.34±1.11 1.32±1.10

0.724 0.685 0.599 0.661 0.781 0.754 0.768 0.777

AS
1.76±1.80 1.68±1.43 2.04±1.59 1.63±1.23 1.28±1.00 1.43±1.24 1.26±1.10 1.25±1.01

0.785 0.777 0.626 0.726 0.871 0.821 0.864 0.877

Average
3.21±1.98 1.73±0.97 1.85±1.03 1.65±0.77 1.44±0.71 1.51±0.81 1.41±0.72 1.39±0.68

0.746 0.635 0.569 0.573 0.758 0.723 0.761 0.768
Phase (%)

phase \ 22.2 22.6 16.17 \ 13.0 10.4 8.2

0.925, and 0.768, for areas, dimensions and RTWs with re-
spect to their manually obtained ground truth values. For
reference, the maximums of these indices in our dataset are470

4936 mm2, 81.0 mm, 24.4 mm. The error rate for cardiac
phase identification is 8.2%.

Among these indices, the area of myocardium and the
RWTs involves both the endocardium and epicardium con-
tours (usually invisible near the free lateral wall), and are475

more difficult to estimate than dimensions and area of cav-
ity. However, DMTRL can still obtain an low average
MAE of 1.39 mm for RWTs (which is less than the mode
of pixel spacing 1.5625 mm/pixel in our dataset), and low
average MAE of 189 mm2 for myocardium area.480

Figure 7 shows comparison between the estimated LV
indices by DMTRL and their ground truth values across
the whole cardiac cycle for an average subject in our dataset.
The MR images in the sequences are of high noise, and

poor lateral contrast, as shown in the top row of the fig-485

ure. Even so, DMTRL provides estimations that are very
close to the ground truth for all LV indices across the whole
cardiac cycle. Take A-cav for example, the maximum mar-
gin between the estimated values and the true values are
360 mm2, which is only 7.29% of the maximal cavity area490

in the dataset. From the curves in Figure 7, we can also
draw that: 1)the temporal dynamic patterns of LV in-
dices are successfully captured, e.g, the dimensions share
the same dynamic pattern with the cavity area, while the
RTWs follow the same dynamic pattern with myocardium495

area; 2) the regional variation pattern of myocardium is
also well captured by the estimated RWTs. With these
estimations, cardiac functions, both global and regional,
can be efficiently assessed in clinical practice.
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Figure 7: Example of LV indices estimation by DMTRL for an average subject across the whole cardiac cycle. The estimated results (dashed
line) are very close their ground truth values (solid line in the same color) for the three types of LV indices, and captures well the temporal
variation pattern of these indices. The corresponding MR images for each frame are shown in the top row for visually comparison.

4.2. Effectiveness of multitask relationship learning500

The effectiveness of the multitask relationship learning
can be proven by the last three columns of Table 1. For
all LV indices and cardiac phase, DMTRL outperforms
FullLVNet(N/N) (Xue et al., 2017b), where no task re-
lationship is explored during the network training; and505

defeats FullLVNet(intra/inter) (Xue et al., 2017b), where
only predefined task-dependent assumptions are incorpo-
rated during the network training. By contrast, DMTRL
captures automatically the multitask relationship from the
dataset through a data-driven manner, and improves the510

generalization and the performance of the neural network
for full LV quantification.

Figure 8 shows the multitask correlation matrix C for
the LV indices, which can be calculated from the mul-
titask covariate matrix Ω learned by DMTRL as C =515

Ω�(d×dT ), where d =
√
diag(Ω) and � denotes element-

wise division. Comparing with the true correlation matrix
shown in Figure 6, DMTRL is capable of characterizing
well correlation among these LV indices. Specifically, my-
ocardium area is correlated with RWTs, while cavity area520

is correlated with dimensions. Strong correlations exist
within tasks of RWTs and dimensions, especially for neigh-
boring indices. These uncovered correlations validate the
effectiveness of our multitask relationship learning.

4.3. Performance Comparison525

DMTRL reveals great advantages for LV indices esti-
mation and cardiac phase identification over existing seg-
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Figure 8: Multitask correlation matrix C learned by DMTRL from
our dataset. The learned correlation matrix C is very close to its
ground truth shown in Figure 6.

mentation based method Max-flow (Ayed et al., 2012),
two-phase direct methods (Zhen et al., 2014, 2015, 2016),
and deep neural network based methods (Xue et al., 2017a,b),530

as shown in Table 12

2For Max Flow, additional computations are required to get these
LV indices from the segmented results; For the two-phase volume-
only direct methods Zhen et al. (2014, 2015, 2016), we obtain the
results for other indices and cardiac phase by applying their extracted
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1) DMTRL outperforms significantly the segmentation-
based method Max-flow, with average MAE reductions of
56.7%, 5.28% and 27.1% for RWTs, dimensions and areas.
Max-flow achieves the best estimation for cavity area with535

the requirement of manually segmented myocardium of the
first frame for each subject, while performs very poorly for
RWTs and myocardium area which are subjected to both
contours of endocardium and epicardium. Besides, its es-
timation errors for areas and RWTs increase clearly as the540

frame becomes far from the first frame within the cardiac
cycle (Figure 9). This makes it incapable of capturing the
variation pattern of the LV indices across the whole car-
diac cycle.

2) DMTRL outperforms the best of existing two-phase545

non-end-to-end direct methods, with MAE reductions of
15.8%, 8.7%, 24.7% for RWTs, dimensions and areas, and
49.4% ER reduction for cardiac phase. Contrast to these
methods that follow two separated phases and are based on
handcrafted features, DMTRL forms an end-to-end frame-550

work, in which powerful task-aware cardiac representations
can be obtained, with the cardiac dynamics well modeled
and the final regression being compatible with them.

3) DMTRL also outperforms existing end-to-end deep
neural network based methods. Although beging an end-555

to-end framework, Indices-Net employed neither cardiac
temporal dynamics nor multitask relationship, while Full-
LVNet explored the task relationship based on predefined
task-dependencies assumptions. Therefore, both lead to
inferior performance to DMTRL.560

4) DMTRL even helps improve the performance of phase
identification. The multitask relationship learning uncov-
ers the task relationships of LV indices and leads to better
CNN representations, which then benefit the phase iden-
tification in the second training stage.565

Figure 9 demonstrates the frame-wise estimation er-
ror averaged across all subjects for the three types of LV
indices. It clearly shows that DMTRL can deliver more
robust and accurate estimation than its competitors for
all the frames in the cardiac cycle, which is important for570

comprehensive cardiac function analysis.

5. Conclusions

In this work, we proposed a integrated deep multitask
relationship learning framework DMTRL for full quantifi-
cation of cardiac LV. DMTRL combines advantages of the575

powerful CNN-based representation for cardiac MR im-
ages, RNN-based dynamic modeling for cardiac sequences,
and multitask relationship learning among different types
of LV indices. It is the first time that multitask relation-
ship leaning are investigated in deep neural networks: from580

the representations obtained by deep neural network, mul-
titask correlation can be faithfully learned; with the multi-
task correlation incorporated during the network training,

features to an RF/AKRF model.
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Figure 9: Average frame-wise estimation errors of the three types of
LV indices for our proposed DMTRL and its competitors. DMTRL
delivers consistently lower estimation error across the cardiac cycle
than the segmentation-based method, two-phase direct methods and
methods based on deep neural network.

improved generalization of the network can be achieved.
When validated on cardiac MR images of 145 subjects,585

DMTRL not only achieves accurate estimation for all the
three types of LV indices and cardiac phase, but also cap-
tures successfully the variation pattern of all LV indices
across the cardiac cycle, revealing its great potential of
global and regional cardiac function assessment in clinical590

practice.
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Appendix A. Convexity of tr(WΩ−1WT)

Denote wj , j = 1...K the jth row of W, then

tr(WΩ−1WT) =

K∑

j=1

wjΩ
−1wT

j . (A.1)
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The Hessian of the term wjΩ
−1wT

j w.r.t wj is Ω−1. Since

Ω ∈ SK+ , for any row vectors u and v = uΩ, there is

vΩ−1vT = uΩΩ−1ΩuT

= uΩuT

� 0

(A.2)

Therefor Ω−1 � 0, and the term wjΩ
−1wT

j is convex
w.r.t. wj . Convexity is preserved in summation, thus
tr(WΩ−1WT) is convex w.r.t. W.

Denote f(t) = wj(Ω+t∆)−1wT
j , where ∆ is a symmet-

ric matrix, the convexity of wjΩ
−1wT

j w.r.t. Ω is equiva-
lent to

d2

dt2
f(t)

∣∣∣∣
t=0

≥ 0. (A.3)

For f(t), the following holds:

f(t) = wj(Ω(I + tΩ−1∆))−1wT
j

= wj(I + tΩ−1∆)−1Ω−1wT
j

= wj(

∞∑

n=0

(−1)n(tΩ−1∆)n)Ω−1wT
j

(A.4)

Then we can get

d2

dt2
f(t)

∣∣∣∣
t=0

= wj(tΩ
−1∆)2Ω−1wT

j

= wjΩ
−1∆Ω−1∆Ω−1wT

j

= w̃jΩ
−1w̃T

j

≥ 0

(A.5)

where w̃j = wjΩ
−1∆. The last inequality holds because605

Ω−1 � 0. Therefore, wjΩ
−1wT

j is convex w.r.t Ω. Again,

convexity is preserved in summation, thus tr(WΩ−1WT)
is convex w.r.t. Ω.

Appendix B. Convergence of Algorithm 1

The two stages in Algorithm 1 both converges, as proved610

below.
1) LMTL: We first prove that LMTL is bonded from be-

low and monotonically decreases with each updating step
in line 3,4,5 of Algorithm 1.

As shown in Equation 11, the first two terms in LMTL615

are mean squared errors and the norms of wt, which are
of non-negative values. The third term tr(WΩ−1WT) is
also non-negative due to that Ω−1 is a positive semidefinite
matrix. Therefor LMTL is bonded from below.

Denote the value of LMTL after each updating step of
line 3,4,5 in the kth iteration as Lk,1

MTL, Lk,2
MTL, Lk,3

MTL.
From the updating rule of wcnn and wrnn1, we can get
Lk,1
MTL ≥ Lk−1,3

MTL . From the updating rule of W and the

fact that LMTL is convex w.r.t. W, we have Lk,2
MTL ≥

Lk,1
MTL. Since the updating rule of Ω is the optimal solution

of Equation 15, we have Lk,3
MTL ≥ Lk,2

MTL. In this way, we

can obtain the following monotonic decreasing sequences:

· · · Lk,1
MTL,Lk,2

MTL,Lk,3
MTL,Lk+1,1

MTL ,Lk+1,2
MTL ,Lk+1,3

MTL · · · .
(B.1)

Based on the monotone converge theory, LMTL, which is620

bonded below, converges as k → +∞.
2) Lphase: The second stage of Algorithm 1 is exactly

the standard training procedure of a softmax classifier on
top of a RNN network and converges with the gradient-
based updating rules.625
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