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a b s t r a c t
Cardiac four-chamber volume estimation serves as a fundamental and crucial role in clinical quantitative
analysis of whole heart functions. It is a challenging task due to the huge complexity of the four chambers including great appearance variations, huge shape deformation and interference between chambers.
Direct estimation has recently emerged as an effective and convenient tool for cardiac ventricular volume estimation. However, existing direct estimation methods were speciﬁcally developed for one single
ventricle, i.e., left ventricle (LV), or bi-ventricles; they can not be directly used for four chamber volume
estimation due to the great combinatorial variability and highly complex anatomical interdependency of
the four chambers.
In this paper, we propose a new, general framework for direct and simultaneous four chamber volume estimation. We have addressed two key issues, i.e., cardiac image representation and simultaneous
four chamber volume estimation, which enables accurate and eﬃcient four-chamber volume estimation.
We generate compact and discriminative image representations by supervised descriptor learning (SDL)
which can remove irrelevant information and extract discriminative features. We propose direct and simultaneous four-chamber volume estimation by the multioutput sparse latent regression (MSLR), which
enables jointly modeling nonlinear input-output relationships and capturing four-chamber interdependence. The proposed method is highly generalized, independent of imaging modalities, which provides
a general regression framework that can be extensively used for clinical data prediction to achieve automated diagnosis. Experiments on both MR and CT images show that our method achieves high performance with a correlation coeﬃcient of up to 0.921 with ground truth obtained manually by human
experts, which is clinically signiﬁcant and enables more accurate, convenient and comprehensive assessment of cardiac functions.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction
Cardiac ventricular volumes have been widely used as a measurement of cardiac abnormalities and functions, e.g., ejection fraction (EF) and stroke volume (Wang et al., 2009; Punithakumar
et al., 2013; Marchesseau et al., 2013). One single ventricle, i.e,
left ventricle (LV) (Suinesiaputra et al., 2014) and right ventricles (RV) (Petitjean et al., 2015), have been extensively studied
due to their critical role in heart disease diagnosis. However, cardiac four chambers, which provide more comprehensive information for quantitative functional analysis of the whole heart
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(Zheng et al., 2008), have less researched jointly due to the great
challenges; the left/right atrium (LA/RA) are anatomically connected to LV and RV, respectively, and LA/RA volumes are strongly
associated with heart functions and indicate severity of diastolic dysfunctions and cardiovascular disease burden (Baur, 2008;
Glatard et al., 2013). However, LA and RA have long been less studied due to the particular diﬃculty in measuring their volumes,
which started to attract increasingly attentions recently (Fonseca
et al., 2011; Tobon-Gomez et al., 2015).
Simultaneous cardiac four chamber volume estimation is extremely challenging due to the substantial topology changes and
high anatomical variability of the four chambers (Pace et al., 2015).
Compared to one single ventricle and bi-ventricles, the four chambers demonstrate greater combinatorial shape variabilities and appearance variations as shown in Fig. 1. Furthermore, the four
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Fig. 1. The four chambers exhibit high contour complexity and low tissue contrast
in both MR (top) and CT (bottom) images.
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chambers are highly interdependent and temporally interfere with
each other across a cardiac cycle, which poses even more challenges for simultaneous four chamber volume estimation.
Segmentation has made great progress and becomes more reliable, accurate and less time-consuming, and cardiac image segmentation has been mainly focus on the LV with few on the RV
which remains unsolved (Petitjean and Dacher, 2011; Nambakhsh
et al., 2013), LA and RA volume estimation has long been overlooked (Fonseca et al., 2011), while simultaneous four-chamber volume estimation has not been addressed yet. The whole heart segmentation algorithm (Zheng et al., 2008; Ecabert et al., 2008) potentially offers a solution to simultaneous four-chamber volume estimation; however, it turns out to be extremely challenging to segment the four chambers separately to obtain individual volumes
due to the fact that ventricle and atrium are of intensity homogeneity with vague boundary between them, and two atriums are
mostly connected with a very thin wall as shown in Fig. 1.
Moreover, even more challenges arise from dealing with multiple modalities due to huge variations between and within modalities. However, both MR and CT are routinely used in clinical practice (Donnell et al., 20 06; Jolly, 20 06), which yield speciﬁc advantages (Nikolaou et al., 2011) and serve complementary roles in diagnosis of cardiac diseases (Wintersperger, 2009). Cardiac CT allows for a reliable exclusion of signiﬁcant coronary artery disease
in proper patient populations; cardiac MR is the modality of choice
in cardiac functional aspect, e.g., cardiac and valvular function and
perfusion. In both medical image analysis and clinical practice, it
is highly desired to have a general method that can naturally handle cardiac chamber volume estimation, irrespective of modalities
(Jolly, 2006).
Direct estimation without segmentation has recently emerged
as a convenient and effective tool for cardiac ventricular volume
estimation. The effectiveness of direct estimation has been shown
on one single ventricle, i.e., LV, and bi-ventricles, i.e., LV and RV,
(Afshin et al., 2012; Zhen et al., 2014b; Wang et al., 2013, 2014b;
Zhen et al., 2014a, 2016c; Mukhopadhyay et al., 2015; Kabani and
El-Sakka, 2016; Hussain et al., 2016; Kong et al., 2016), which sheds
light on solving even more challenging cardiac four-chamber volume estimation. However, in contrary to one single ventricle or biventricles, the four chambers exhibit much larger shape deformations, greater combinatorial variability and more complex anatomical interdependency, which coupled with challenges from multimodal imaging data makes existing direct estimation methods not
directly applicable to four-chamber volume estimation. Moreover,
LV/RV and LA/RA share similar change patterns respectively in a
cardiac cycle as illustrated in Fig. 2, which has not been explored in
existing methods. It is therefore more attractive and highly desired
to simultaneously estimate four chamber volumes. By capturing
the interdependency of the four chambers to leverage the shared
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Fig. 2. The volume change of the four chambers in a cardiac cycle.

information and anatomical dependency among the four chambers,
the estimation performance can be largely improved, which more
importantly ensures clinically meaningful volume estimation.
In this paper, we propose a new direct method for simultaneous
four-chamber volume estimation by multioutput regression. In a
general framework, we have addressed two key issues, i.e., cardiac
four chamber image representation and simultaneous four chamber volume estimation.
•

•

To tackle the great combinatorial variabilities of the four chambers, we propose to use supervised descriptor learning (SDL)
(Zhen et al., 2015b) to generate compact and discriminative cardiac four-chamber image representations; the SDL can jointly
remove irrelevant and redundant information and extract features directly associated with targets, i.e., four chamber volumes.
To cope with the high complexity of the four chambers, we propose direct and simultaneous four-chamber volume estimation
by the multioutput sparse latent regression (MSLR) (Zhen et al.,
2016a) to handle the highly nonlinear relationship between image appearance and four chamber volumes while jointly modeling the interdependency of the four chambers; Leveraging interdependency and reciprocal validation of the four chambers,
simultaneous four-chamber volume estimation is clinically very
signiﬁcant for more accurate and comprehensive assessment of
cardiac functions.

1.1. Contributions
In this work, we have made multiple contributes in the following four aspects:
1) We achieve simultaneous cardiac four-chamber volume estimation, which avoids unreliable segmentation and enables more
accurate and convenient whole heart functional analysis. The
method can be conveniently extended to other clinical data
prediction for automated diagnosis;
2) We formulate four-chamber volume estimation as a multioutput regression problem, which enables volume estimation to be
conducted in a uniﬁed framework rather than as speciﬁc problems. Traditional challenging tasks, e.g., model personalization,
can be reformulated as multioutput regression problems and
solved eﬃciently in the same way;
3) We propose direct and simultaneous four chamber volume estimation by multioutput sparse latent regression (MSLR). The
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MSLR can jointly handle the highly nonlinear relationship between image appearance and four chamber volumes while capturing the interdependency of the four chambers, which enables more accurate and clinically meaningful volume estimation;
4) We achieve a highly generalized direct estimation framework
independent of modalities, and we have conducted extensive
experimental evaluation on both MR and CT data, which validates the generality of the proposed methods for direct and
simultaneous cardiac four-chamber volume estimation from
imaging data of multiple modalities. The success of our method
on both MR and CT in this work will signiﬁcantly change the
way to handle multi-modality image analysis and inspire new
clinical applications based on direct estimation.
The preliminary test of direct and simultaneous four chamber
volume estimation on a small MR dataset has been conducted in
(Zhen et al., 2015a). In this journal version, we have made new
contributions in terms of both methodology and experimental validation.
•

•

We propose direct and simultaneous four chamber volume estimation by the multioutput sparse latent regression (MSLR)
(Zhen et al., 2016a). In one single framework, the MSLR can
effectively handle highly nonlinear relationships between image appearance and four chamber volumes by kernel regression, while explicitly modeling the interdependency of the four
chambers by sparse learning. The MSLR provides a well-suited
multioutput regression model for direct and simultaneous four
chamber volume estimation, which enables more accurate and
clinical meaningful volume estimation of the four chambers
compared to existing multioutput regression models.
We generalize the method from one single modality to multiple modalities, i.e., MR and CT. Our method achieves quantitative analysis of cardiac images in one single framework regardless of modalities. We demonstrate that our method can create discriminative representations of cardiac four-chamber images of multiple modalities and estimate volumes from images,
e.g., CT, without need of clear boundaries. Our method provides
a uniﬁed framework of multioutput regression for direct and
simultaneous four-chamber volume estimation, which has seldom been addressed and remains unsolved yet.

1.2. Related work
Direct methods via regression has recently generated increasing interest in both computer vision and medical image analysis
(Fletcher, 2013; Hara and Chellappa, 2014; Toshev and Szegedy,
2014; Torki and Elgammal, 2011; Wang et al., 2010; Joshi et al.,
2010; Davis et al., 2010; Prakosa et al., 2014; Metz et al., 2012;
Zhou, 2010; Criminisi et al., 2009; 2010; Criminisi and Shotton,
2013; Criminisi et al., 2013; Zhen et al., 2014a; Zhou, 2014; Kainz
et al., 2015; Kabani and El-Sakka, 2016). One of the most attractive advantages of direct methods via regression is its nature to
avoid conventional unreliable, computationally expensive, even intractable segmentation (Zhou et al., 2007; Metz et al., 2012; Criminisi and Shotton, 2013; Prakosa et al., 2014) and inverse problems
(Jiang et al., 2011; Zettinig et al., 2014; Guzman-Rivera et al., 2014).
Formulating as a regression problem not only offers a more compact and exquisite mathematical formula to circumvent the diﬃculty in conventional approaches but also substantially improves
the performance. More importantly, regression serves as a bridge
that allows to deploy advanced machine learning techniques to facilitate medical image analysis. It also provides an effective tool

to automate analysis of medical imaging data and therefore enables accurate and eﬃcient diagnosis in clinical practice (Wang and
Summers, 2012).
We review representative work based on regression for medical image analysis including shape inference (Zhou, 2010), organ
localization (Criminisi et al., 2013), model personalization (Zettinig
et al., 2014), cell detection (Kainz et al., 2015) and cardiac ventricular volume estimation (Afshin et al., 2012; Wang et al., 2014a; Zhen
et al., 2014b).
Zhou (2010) proposed a machine learning approach called
shape regression machine (SRM) for eﬃcient shape reference of
an anatomical structure by boosting based regression without explicitly conducting segmentation. The SRM consists of two components, i.e., regression based object detection and regression based
deformation. Due to the statistical learning of regression, the SRM
can extract knowledge from the annotated database for accurate
estimation. Criminisi et al. (2013) proposed a new parametrization of the anatomy localization task as a multivariate, continuous parameter estimation problem which is implemented effectively via tree based, non-linear regression, i.e., regression forests.
The algorithm can localize both macroscopic anatomical regions,
e.g. abdomen, thorax, trunk and smaller scale structures, e.g. heart,
adrenal gland, femoral neck using a single, eﬃcient model in CT
scans. Recently, Kainz et al. (2015) proposed automated cell detection in histopathology images by regression. Cells can be detected reliably in images by predicting, for each pixel location, a
monotonous function of the distance to the center of the closest cell. Cell centers can then be identiﬁed by extracting local extremums of the predicted values. Zettinig et al. (2014) proposed a
data-driven estimation of cardiac electrical diffusivity from 12-lead
ECG for diagnosis and treatment of dilated cardiomyopathy (DCM).
Instead of solving an inverse problem to ﬁnd patient-speciﬁc parameters of electrophysiology (EP) model, they learn the inverse
function by formulating as a polynomial regression problem to directly estimate model parameters for speciﬁc patients. The ECG
features are taken as the input of the regressor with model parameters being the output. The method achieves substantial improvement over conventional approaches.
Regression was ﬁrst introduced by Zhen et al. (2014b) for direct
cardiac bi-ventricular volume estimation, which consists of cardiac
image representation and regression forests estimation. Multiple
complementary handcrafted features including pyramid Gabor features (Zhen and Shao, 2013), histogram of gradients (HOG) (Dalal
and Triggs, 2005) and image pixel intensity are carefully designed
to describe shape and appearance of bi-ventricles for cardiac image
representations; regression forests (Breiman, 2001) are adopted as
regressors for direct bi-ventricular volume estimation.
However, existing direct methods for cardiac ventricular volume
estimation (Afshin et al., 2012; Wang et al., 2014a; Zhen et al.,
2014b) are carefully and speciﬁcally designed for the single LV
or bi-ventricles, and use only handcrafted features, which were
not able to learn optimal representations by extracting from data
the discriminative information related to targets. In addition, existing direct volume estimation of both one single ventricle and
bi-ventricles is developed and evaluated on imaging data of a single modality, i.e., MR, which provides higher tissue intensity contrast compared with CT. However, in the CT scans, the boundary
between atrium and ventricle is almost invisible due to the low
intensity contrast, which poses more challenges for segmentation
methods. Our method is highly generalized and for the ﬁrst time
achieves direct and simultaneous four-chamber volume estimation
in a uniﬁed framework, irrespective of imaging modalities.
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Fig. 3. The work ﬂow of direct and simultaneous four-chamber volume estimation. In the left block, annotated training MR/CT images are used to learn two transformation
matrices W and V which are used to obtain descriptors of images. In the middle block, training images associated with targets are fed to regression forests to learn multioutput regressors. In the right block, the incoming test images go through transformation matrices to obtain representations which are fed into learned regression forests to
obtain four-chamber volumes.

1.3. Methodology overview
The proposed method consists of two components: cardiac
image representation by supervised descriptor learning and four
chamber volume estimation by multioutput sparse latent regression (MSLR) as shown in Fig. 3.
•

•

In the training stage, two steps including cardiac image representation learning and multioutput regressor learning are conducted on annotated training data. In the ﬁrst step (the leftmost block), two feature transformations L and R are learned by
the proposed SDL algorithm (Section 2), which can effectively
transform complex cardiac four-chamber images into compact
but highly discriminative representations. In the second step
(the middle block), based on image representations obtained
by the SDL, a newly proposed multioutput regression model
called multioutput sparse latent regression (MSLR) (Section 3)
are then trained on annotated data, which can jointly handle
highly nonlinear relationship between image representations
and four chamber volumes while modeling interdependency of
the four chambers.
In the prediction stage (the rightmost block), the learned transformations L and R are then applied to test samples to obtain
cardiac image representations which are fed into the trained
MSLR for direct and simultaneous cardiac four-chamber volume
estimation.

We will present the cardiac image representation by the supervised descriptor learning (SDL) in Section 2 and direct and simultaneous four chamber volume estimation by multioutput sparse latent regression (MSLR) in Section 3.
2. Cardiac image representations
Image representation plays crucial role in both computer vision
(Yu et al., 2016) and medical image analysis (Zhen et al., 2015a).
We propose to use the supervised descriptor learning (SDL) algorithm (Zhen et al., 2015b, 2016b) to obtain effective image repre-

sentations for accurate and eﬃcient volume estimation. The SDL
can establish a compact and discriminative image representation
by extracting features directly related to four-chamber volumes.
The SDL is formulated as generalized low-rank approximations of
matrices with a supervised manifold regularization (SMR).
The generalized low-rank approximations of matrices is able to
effectively ﬁnd low-dimensional and therefore compact representations for eﬃcient estimation. The SMR incorporates the guidance
of four-chamber volumes to generate target-oriented feature representations, which enables more accurate and eﬃcient estimation.
The SDL provides a best-suited feature learning algorithm for cardiac image representation by taking 2D image matrices as inputs,
which can effectively explore the spatial layout information of objects in images to achieve informative representations.
To be self-contained, we brieﬂy sketch the main derivation of
the SDL algorithm for completeness. We are given a set of annotated data {X1 , . . . , XN } and the corresponding multivariate targets {y1 , . . . , yN }, where N is the number of training samples and
yi ∈ Rd denote four-chamber volumes. We start with matrix representations of four chamber cardiac images, i.e., Xi ∈ RM×N , which
could be any matrix representations, e.g., raw pixel intensities. We
use the gradient orientation matrix (GOM) which is constructed
from pyramid histogram of gradients (PHOG) of images by stacking spatial cells in rows and orientation bins in columns. The GOM
takes advantages of prior knowledge to capture characteristic spatial layout and local shape which are the key characteristics of the
four chambers. The GOM is fed into the proposed SDL to learn a
compact and discriminative representation of the four chambers.
2.1. Generalized low-Rank approximation of matrices
We propose to use the generalized low-rank approximation of
matrices due to its appealing properties (Ye, 2005). It operates on
matrix representations of images, which 1) reduces time and space
costs for more accurate and eﬃcient computation of low-rank matrices than on vectorized representations (Ye, 2005); 2) ﬁnds lowdimensional compact feature representations that can substantially
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reduce complexity of multioutput regression; 3) allows to explore
distinctive physical meanings, e.g., spatial layout and local shape of
the four chambers, to achieve optimal cardiac image representations.
We aim to ﬁnd two transformations: L ∈ RM×m and R ∈ RN×n
with m  M and n  N, and N matrices Di ∈ Rm×n such that LDi RT
is an appropriate approximation of each Xi , i = 1, . . . , L. We solve
the following optimization problem of minimizing the reconstruction errors:
N
1 
Xi − LDi RT 2F
LT L=Im ,RT R=In N

arg min L,R,D1 ,...,DN

(1)

i=1

where  · F is the Frobenius norm of a matrix, Im is an identity
matrix of size m × m and the constraints LT L = Im and RT R = In
ensure that L and R have orthogonal columns to avoid redundancy
in the approximations.
From (1), we know that Di is the low-rank approximation of Xi
in terms of the transformations of L and R, and it is worth mentioning that the matrices D1 , . . . , DL are not required to be diagonal. It is also proven in (Ye, 2005) that given the L and R, for any
i, Di is uniquely determined by Di = LT Xi R which is the compact
representation of Xi that will reduce regression complexity for eﬃcient multivariate estimation. (1) only minimize the reconstruction
error in the low-rank space leading to indiscriminate representations {D}Li=1 . The regression targets, i.e., the multiple outputs can
be explored to guide the feature learning to achieve more discriminative image representations.
2.2. Supervised manifold regularization
To extract features associated with four-chamber volumes for
discriminative representations, we propose a supervised manifold
regularization (SMR) for supervised learning. The SMR encodes the
intrinsic local geometrical structure of the target space and automatically incorporates the supervision to extract target-oriented
features. In contrast to the conventional manifold regularization
(Belkin et al., 2006; Zhang and Zhao, 2013), the SMR makes full use
of targets for supervised descriptor learning which is ﬁrstly studied
for multioutput regression.
We impose discrimination on the low-rank representation
{Di }Li=1 by integrating the proposed SMR into (1). To this end, we
ﬁrst construct a complete weighted graph G = (V, E ) using the  neighborhood method (He and Niyogi, 2004), where V and E respectively represent N vertices and edges between vertices. The
graph is constructed on the multivariate targets (y1 , . . . , yN ), i.e.,
the four-chamber volume values, rather than on inputs in conventional manifold regularization (Belkin et al., 2006), which naturally induces the supervision. We denote A ∈ RL×L as the symmetric
similarity matrix with non-negative elements corresponding to the
edge weight of the graph G, where each element Sij is computed
−y −y 2

by a heat kernel with parameter σ : Ai j = exp( 2i σ 2 j ), i, j =
1, . . . , N . We set the diagonal elements of S to be zeros, i.e., Aii = 0.
In the low-rank space, we would like to minimize the following
term



Di − D j 2F Ai j .

(2)

i, j

Since the similarity matrix A characterizes the manifold structure
of the multivariate target space, low-rank approximations {Di }N
i=1
preserve the intrinsic local geometrical structure of the target
space and are therefore automatically aligned to their regression
targets. The discrimination is then naturally injected into the lowrank representations {Di }Li=1 . An intuitive consequence of minimizing the regularization term is that in the low-dimensional space,
data points with similar targets, i.e., four-chamber volumes, are

forced to be close while these with different targets tend to be far
apart, which therefore increases the discriminative ability in new
representations.
2.3. Supervised descriptor learning
By integrating the SMR term in (2) into (1), we obtain the compact objective function of generalized low-rank approximation of
matrices with the supervised manifold regularization (SMR) as follows:

arg min

L,R,D1 ,...,DL
LT L=Im ,RT R=In

N
1 
Xi − LDi RT 2F
N



i=1





reconstruction errors

+

β



i, j

Di − D j 2F Ai j


(3)



supervised manifold regularization

where β ∈ (0, ∞) is the regularization parameter to balance the
tradeoff between reconstruction errors and discrimination of the
low-rank approximations, which also serves to keep the ﬂexibility
of the model.
In the objective function of (3), the ﬁrst term guarantees the reconstruction ﬁdelity in the low-rank approximation while the second SMR term introduces the discrimination to learn new representations. The achieved compact and discriminative feature representation of four-chamber cardiac images can not only reduce
complexity in multioutput regression of four-chamber volumes
while avoiding overﬁtting but also guarantee more accurate estimation. The objective in (3) is solved by an iterative algorithm via
alternate optimization: ﬁxing L, solve R and ﬁxing R, solve L. Once
the transformation matrices L and R are learned, for a new input
matrix Xt , its descriptor is obtained by

Dt = L Xt R

(4)

where Dt is the obtained lower-dimensional descriptor of the input
Xt .
3. Simultaneous four-chamber volume estimation
We propose directly and simultaneously estimate four chamber volumes by multioutput sparse latent regression (MSLR), which
jointly captures interdependency between the four chambers by
sparse learning (Section 3.2) while handling nonlinear relationship
between image appearance and four chamber volumes by kernel
regression (Section 3.3).
3.1. Preliminary of multioutput regression
Direct and simultaneous four-chamber volume estimation is formulated as multioutput regression, where y = [y1 , . . . , yQ ] ∈ RQ ,
where Q is the number of regression targets, i.e., the four chamber volumes. The associated image is represented by the feature
descriptor x ∈ Rd obtained by the SDL, where d is the dimensionality. We develop the MSLR based on the widely-used fundamental
multi-task regression model

y = W x + b,

(5)

where W = [w1 , . . . , wi , . . . , wQ ] ∈ RQ×d is the regression coeﬃcient, wi ∈ Rd is the task parameter for yi , and b ∈ RQ is the bias.
3.2. Sparse learning of interdependency
We propose modeling interdependency of the four chambers by
sparse learning. By incorporating a latent space, a structure matrix S is deployed to explicitly model interdependency via the 2,1 norm based sparse learning. Due to the 2,1 -norm constraint, the
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enables effectively handling high image appearance variations
and huge combinatorial variability of four chamber volumes to
disentangle their complex relationships.
The structure matrix explicitly encodes the interdependency of
the four chamber volumes by 2,1 -norm based sparse learning
and is automatically inferred from data, which enables more accurate and clinically meaningful estimation.

Due to the huge appearance variations of images and the high
variabilities of the four chambers, the relationship between image
appearance and four chamber volumes is complicated and highly
nonlinear, which cannot be handled by linear regression and demands more powerful nonlinear regressors.
3.3. Nonlinear kernel regression
The objective function in (6) admits a linear representer theorem (Kimeldorf and Wahba, 1970), which allows us to extend the
model by kernelization to nonlinear multioutput regression.
Assume we have the objective function in (6) deﬁned over a
Hilbert space H. Since S is given and ﬁxed, the third term in (4) is
constant and can be dropped. Therefore, we achieve an objective
function w.r.t W
Fig. 4. The illustration of the sparse learning of the interdependency of the four
chambers. Z represents the latent variables, S is structure matrix and Y denotes the
outputs.

interdependency of the four chambers is encoded by sharing common variables, namely, a subset of higher-level features in the latent space, which is illustrated in Fig. 4.
Based on the least square loss function and 2 regularization,
we have the following objective function w.r.t. W and S

min
W,S

1
||Y − SZ ||2F + λ||W ||2F + γ ||S ||2,1 ,
N

(6)

s.t. Z = W X
where
X = [x1 , x2 , . . . , xN ],
Y = [y1 , y2 , . . . , yN ],
Z=
[z1 , . . . , zi , . . . , zN ] ∈ RQ×N , zi ∈ RQ is a variable in the latent
space and S ∈ RQ×Q is named as the structure matrix; the 2,1 norm constraint on the structure matrix S in (6) encourages to
learn an S that is prone to column sparsity (Nie et al., 2010);
the parameter γ controls the column sparsity of S and a larger
γ induces higher sparsity; the bias is omitted since it is proven
that the bias can be absorbed into the regression coeﬃcient W
(Nie et al., 2010). Note that unlike the work in (Nie et al., 2010)
which is speciﬁcally developed for feature selection, our MSLR is a
new multioutput regression model and is fundamentally different
although both use an 2,1 norm.
Thanks to the 2,1 -norm based sparse learning, regressors of
four chamber volumes are encouraged to share similar parameter sparsity patterns to capture a common set of higher-level features, i.e., the latent variables in the latent space as shown in
Fig. 4, which enables to encode the interdependency between the
four chambers. Moreover, the performance of all regressors can be
improved by leveraging knowledge across the four chambers that
share subsets of common features. By deploying a structure matrix S to explicitly model interdependency of the four chambers,
the MSLR can automatically learn the interdependency from data,
which further improves the generality for different modalities.
We highlight that due to the incorporation of the latent space
associated with the structure matrix S, the proposed MSLR brings
multiple attractive merits:
•

The induced latent space decouples low-level image representation and semantic four chamber volumes with W and S, which

JS (W ) =

1
||Y − SW X ||2F + λ||W ||2F
N

(7)

The remaining two terms are quadratic, and therefore (7) is
convex w.r.t. W and has a minimizer. The regularization term
is strictly monotonically increasing real-valued function and the
ﬁrst term is a bounded loss function which is a special case of
weighted least square loss and therefore is point wise (Dinuzzo
and Schölkopf, 2012). According to the nonparametric Representer
theorem (Schölkopf et al., 2001), (7) admits a linear representer
theorem of the form

W = αX  ,

(8)

where α ∈
is the coeﬃcient matrix.
Although the objective function (6) is not jointly convex with
W and S, kernelization can be derived with respect to W with a
ﬁxed S thanks to the incorporation of the latent space. This enables
kernel regression to handle nonlinear relationship between image
appearance and four chamber volumes, while being able to encode
the interdependency of the four chambers.
The linear representer theorem (Kimeldorf and Wahba, 1970)
demonstrates great advantages when H is a reproducing kernel
Hilbert space (RKHS), which simpliﬁes the empirical risk minimization problem from an inﬁnite dimensional to a ﬁnite dimensional
optimization problem (Kimeldorf and Wahba, 1970). Assume that
we map xi to φ (xi ) in some RKHS of inﬁnite dimensionality where
φ ( · ) denotes the feature map of xi ; the mapping serves as a
nonlinear feature extraction that enables to disentangle complicated relationships between image appearance and four chamber
volumes. The corresponding kernel function k( ·, ·) is k(xi , x j ) =
φ ( xi ) φ ( x j ).
The objective function in (6) can be rewritten in term of traces
as follows:
RQ×N

min
W,S

1
tr ((Y − SW X ) (Y − SW X )) + λtr (W W ) + γ ||S ||2,1 .
N
(9)

By the linear representer theorem, W admits the following form

W = α ( X )

(10)

where (X ) = [φ (x1 ), . . . , φ (xi ), . . . , φ (xN )] and α ∈
Substituting (10) into (9) gives rise to the objective function
w.r.t α and S:
RQ×N .

min

1

α,S N

tr ((Y − SαK ) (Y − SαK )) + λtr (αK α ) + γ ||S ||2,1 (11)
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where K = (X ) (X ) is the kernel matrix in the RKHS.
The latent space spanned by Z = αK is obtained by the linear
transformation α via the Representer Theorem from the KRHS induced by a nonlinear kernel K. As a result, higher-level semantic
concepts are extracted to ﬁll the semantic gap between image representations of low-level feature descriptors and four chamber volumes, which enables eﬃcient linear 2,1 -based sparse learning of S
to explicitly model the interdependency of the four chambers for
more accurate and clinical meaningful volume estimation. The objective in (11) can be solved for optimal solutions of α and S via
alternating optimization by solving one with the other ﬁxed.
3.4. Four-chamber volume estimation
In the training stage, the MSLR is trained on labeled data with
ground truth of four chamber volumes; in the prediction stage,
given input images with the feature representations obtained by
the SDL in Section 2, the four chamber volumes are estimated by

yt = SαKt
where Kt =

(12)

(X ) φ (xt ).

4. Experiments and results
The proposed method is highly generalized and produces high
performance with a correlation coeﬃcient up to 0.921 with the
ground truth obtained manually by human experts, which demonstrates its effectiveness and eﬃciency for direct and simultaneous
four chamber volume estimation. Our method achieves a convenient clinical tool for comprehensive whole heart functional analysis.
4.1. Experimental settings
We have conducted extensive experiments on cardiac imaging
data from multiple modalities including both four-chamber MR
and CT images. We have also done extensive comparison to show
the advantages of the proposed cardiac image representation by
supervised descriptor learning (SDL) and simultaneous four chamber volume estimation by the multioutput sparse latent regression
(MSLR).
4.1.1. Datasets
The cardiac MR/CT datasets contain 125 and 120 subjects, respectively, including both health and diseased cases. The subjects
are collected from 3 hospitals aﬃliated with two health care centers (London Healthcare Science Centre and St. Joseph’s HealthCare) and 2 vendors (GE and Siemens). The pathologies are diverse
including regional wall motion abnormalities, myocardial hypertrophy, mildly dilated RV, atrial septal defect, LV dysfunction, mildly
enlarged LV, and decreased ejection fraction (LVEF < 0.5 and RVEF
< 0.4).
4.1.2. Implementation details
The performance of the proposed method is quantitatively evaluated by comparing with ground truth by manually obtained by
human experts. The Pearson’s r correlation coeﬃcient between the
ground truth and the estimation is used as measurement to evaluate estimation performance as in (Zhen et al., 2014b; Wang et al.,
2013), and higher correlation coeﬃcient indicates better performance. All the volumes in a cardiac cycle are used to calculate the
correlation coeﬃcient. The leave-one-subject-out cross validation is
used for the evaluation.
We follow the clinical routine which practically uses 2D image
slices for diagnosis, and estimate cavity areas of the four chambers

in 2D MR/CT slices, and volumes are computed by integrating cavity areas in the sagittal direction. Note that we use the normalized
areas as the targets, i.e., the number of pixels in a chamber divided
by the total number of pixels of the images. A region of interest
(ROI) is placed to enclose the four chambers in an MR image according to the method in (Wang et al., 2014a). We use a three-level
pyramid HOG (PHOG) obtaining a matrix of size 84 × 31 from an
image of 64 × 64 pixels. We set the tradeoff parameter β = 1 to
keep both the reconstruction ﬁdelity and discriminative ability.
To show the advantage of the SDL, we have also compared with
popular descriptors, e.g., GIST and histogram of LBP both of which
are implemented with a similar spatial pyramid to the PHOG descriptor, and dimensionality reduction methods, e.g., generalized
principal component analysis (GPCA) (Ye et al., 2004) and principal
component analysis (PCA). We have also compared to deep learning based feature representation. Speciﬁcally, we extract features
based on pre-trained model in (Simonyan and Zisserman, 2015) using the MatConvNet toolbox (Vedaldi and Lenc, 2015) and we use
the ﬁrst fully connected layer of 4096 dimensions as the feature
representation.
To show the advantage of the MSLR, we have compared
with state-of-the-art multioutput regression models including
the baseline multioutput kernel ridge regression (mKRR) (Hastie
et al., 2001), multi-dimensional support vector regressor (mSVR)
(Sanchez-Fernandez et al., 2004), adaptive k-cluster random forests
(AKRF) and kernel partial least square (KPLS) (Rosipal and Trejo,
2001). We follow the experimental settings of AKRF in the original
work (Hara and Chellappa, 2014) and keep the same for all methods to establish fair comparison.
To show the advantages of our direct and simultaneous four
chamber volume estimation, we have compared with two representative segmentation methods, i.e., the shape regression machine
(SRM) (Zhou, 2010) and regression segmentation (RS) (Wang et al.,
2015). The two methods were originally developed for one single
object segmentation, and we extend them for joint four chamber
segmentation.
4.2. Results
Our method for the ﬁrst time achieves simultaneous fourchamber volume estimation and produces high estimation accuracy for all the four chambers despite of the great challenge of
the four chambers, and substantially outperforms other state-ofthe-art algorithms including both feature learning and multioutput
regression.
4.2.1. Estimation effectiveness
The proposed method achieves consistently high performance
for the four chambers on both the MR and CT datasets, especially
for the LV with a high correlation coeﬃcient of 0.921 for MR and
0.913 for CT, respectively, as illustrated in Figs. 5 and 6. Compared
to the results in (Zhen et al., 2015a), outlier points have been
largely reduced as can be observed in Fig. 5 due to the performance improvement by the new multioutput sparse latent regression model. Although the boundary between ventricle and atrium
is mostly invisible and not supported by edge and region homogeneity, especially on CT images, our method can successfully predict four-chamber volumes due to the use of multioutput latent regression. Moreover, LA and RA volumes which were not measured
previously due to their complex anatomical geometry are predicted
by our method with high accuracy. The consistently high performance on all the four chambers of both MR and CT demonstrate
the power of the adapted regression forests in direct and simultaneous four-chamber volume estimation. Moreover, the estimation
can be conducted very eﬃcient with about 20 s for a new subject.
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LV (0.921)

0.25

LA (0.882)

RV (0.891)

0.25

inter-subject variations by producing very close estimation to
ground truth for most of the subjects. This shows the ability of
our method to accurately estimate highly varied volumes from
healthy to diseased subjects, which indicates its practical use in
disease cases for clinical diagnosis.

RA (0.873)

0.25

Estimated

0.3

In general, the high estimation accuracy with low errors on
both MR and CT demonstrates the great generality of the proposed
method for cardiac four-chamber volume estimation from multimodal imaging data, indicating its practical use in clinical routine.

0

0
0

0.3

0
0

Manual

0.25
Manual

0
0

0.25
Manual

0

0.25
Manual

Fig. 5. The correlation coeﬃcients between estimated and manually obtained volumes for the four chambers on the MR dataset.
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4.2.2. Comparison
The advantage of the proposed method for cardiac fourchamber image representation is demonstrated by better performance than other methods on both MR and CT datasets.
•
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Fig. 6. The correlation coeﬃcients between estimated and manually obtained volumes for the four chambers on the CT dataset.

The results are signiﬁcant showing potential use in clinical practice (Zhen et al., 2014a; 2014b). The volume estimation errors are
illustrated in Figs. 7 and 8 for MR and CT, respectively.
•

•
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Fig. 7 shows comparison between estimated volumes and
ground-truth counterparts manually obtained by human experts across a cardiac cycle with respect to all the subjects
on the MR dataset. Our method can produce very close estimations with low errors: 0.011 ± 0.010 (LV), 0.016 ± 0.014
(LA), 0.015 ± 0.011 (RV) and 0.018 ± 0.014 (RA) for all the
four chambers averaged over all subjects. Since all the fourchamber volumes across a cardiac cycle are accurately estimated simultaneously, cardiac functions can be comprehensively and eﬃciently assessed in clinical diagnosis. More importantly, the change patterns of volumes in a cardiac cycle have
been successfully captured: the LV and RV share the same volume change pattern from the diastole to the systole; the LA and
RA share the same pattern from the systole to the diastole. The
assessment of cardiac functions, e.g., ejection fraction (EF), can
conduced in a more comprehensive and eﬃcient way.
Fig. 8 shows comparison between estimated volumes and
ground-truth counterparts for every single subject on the CT
dataset. Our method can produce accurate volumes close to
those obtained by human experts, even though the RV and
RA have very poor tissue intensity contrast without visible
boundary between them. The average estimation errors are
0.012 ± 0.011 (LV), 0.016 ± 0.014 (LA), 0.015 (RV) ± 0.014 and
0.02 ± 0,017 (RA). Moreover, our method captures the huge

•

The SDL substantially outperforms both state-of-the-art descriptors, e.g., PHOG, LBP and GIST as shown in Table 1, and
dimensionality reduction techniques, e.g., GPCA and PCA as
shown in Table 2, by up to 7.2% on MR and 8.6% on CT showing the effectiveness of the SDL for feature learning in multioutput regression. The CNN based feature representations produce impressive performance, which however is inferior to the
proposed SDL. This is largely due to its nature of unsupervised
learning without considering the regression targets. Fine-tuning
by taking into account regression targets would potentially further improve the performance. The larger advantages of our
method on CT than MR over other descriptors demonstrate the
effectiveness of the SDL in for effective feature learning, even
from CT images with low tissue contrast. Due to the compactness (low dimensionality with m = 40 and n = 20) of the feature representation learned by the SDL, the estimation is enabled to be more eﬃcient.
The proposed MSLR consistently outperforms other multioutput
regression models including the baseline mKRR, mSVR, KPLS
and AKRF (Zhen et al., 2015a) by up to 6% as shown in Table 3.
To achieve fair comparison, all those regression models use the
feature descriptors learned by the SDL. The large improvement
over representative multioutput regression models, especially
on the more challenging CT dataset shows the effectiveness of
the proposed MSLR in explicitly modeling interdependency of
the four chambers for more accurate direct and simultaneous
four chamber volume estimation.
Our method outperforms two representative segmentation
methods, i.e., the SRM and the RS, for both separate and joint
segmentation of the four chambers as shown in Table 4. Although separate segmentation can produce better results than
joint segmentation, separate segmentation is still worse the our
direct and simultaneous estimation. It is also worth mentioning that the segmentation is conduced based on localization
obtained from manual segmentation. This result also demonstrates the advantages of direct estimation over segmentation
based methods in leveraging the relationship between the four
chambers.

4.2.3. Convergence analysis
We provide experimental analysis on the convergence of the alternating optimization algorithm on both the MT and CT datasets
in Fig. 9. As we can see from the ﬁgure, the alternating optimization algorithm consistently converge on the two datasets. Both the
objective function value and average mean square error (aMSE),
i.e., average estimation error of the four chamber volumes, decrease monotonically with the iterations. On both datasets, our algorithm converges within 20 iterations, which guarantees its eﬃciency.
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Fig. 7. The illustration of ground truth against estimation by the proposed method 25 frames in cardiac cycle averaged over all the subjects on the MR dataset.
Table 1
The comparison with other descriptors (correlation coeﬃcient). #d indicates the dimensionality of descriptors. Bold means the best results.
MR

CT

Methods

LV

LA

RV

RA

LV

LA

RV

RA

MSLR (800d)
PHOG (2604d)
LBP (4872d)
GIST (4096d)
CNN (4096d)

0.921
0.875
0.877
0.876
0.884

0.882
0.827
0.807
0.831
0.839

0.891
0.844
0.838
0.827
0.842

0.873
0.824
0.806
0.854
0.831

0.913
0.855
0.831
0.828
0.866

0.872
0.825
0.799
0.795
0.814

0.886
0.829
0.816
0.823
0.833

0.866
0.805
0.797
0.804
0.821

Table 2
The comparison with other dimensionality reduction methods (correlation coeﬃcient). #d
indicates the dimensionality of descriptors. Bold means the best results.
MR

CT

Methods

LV

LA

RV

RA

LV

LA

RV

RA

MSLR (800d)
GPCA (800d)
PCA (800d)

0.921
0.899
0.884

0.882
0.848
0.822

0.891
0.855
0.836

0.873
0.836
0.821

0.913
0.878
0.865

0.872
0.841
0.820

0.886
0.845
0.823

0.866
0.825
0.805

Table 3
The comparison with other multioutput regression models (correlation coeﬃcient). Bold means the best results.
MR

CT

Methods

LV

LA

RV

RA

LV

LA

RV

RA

MSLR
mKRR (Hastie et al., 2001)
mSVR (Sanchez-Fernandez et al., 2004)
KPLS (Rosipal and Trejo, 2001)
AKRF (Zhen et al., 2015a)

0.921
0.892
0.901
0.884
0.915

0.882
0.861
0.862
0.858
0.871

0.891
0.863
0.865
0.853
0.882

0.873
0.852
0.855
0.836
0.862

0.913
0.887
0.889
0.878
0.904

0.872
0.850
0.851
0.838
0.869

0.886
0.856
0.857
0.844
0.875

0.866
0.833
0.836
0.819
0.851

5. Discussion
We have successfully addressed the two key problems, i.e., cardiac image representation and simultaneous four chamber volume
estimation. Our method has shown great effectiveness on data of
multiple modalities including both MR and CT. The success of the
proposed method lies in the advantages of supervised descriptor
learning (SDL) for cardiac image representation and the newly pro-

posed multioutput sparse latent regression (MSLR) model for simultaneous volume estimation.
5.1. The advantage of SDL for cardiac four chamber image
representation
The supervised descriptor learning (SDL) algorithm shows great
effectiveness to generate compact and discriminative cardiac im-
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Fig. 8. The illustration of ground truth against estimation by the proposed method over 120 subjects on the CT dataset. Our method can accurately predict four-chamber
volumes with low errors, even with huge inter-subject variations.

Table 4
The comparison with segmentation methods (correlation coeﬃcient). Bold means the best results.
MR

CT

Methods

LV

LA

RV

RA

LV

LA

RV

RA

MSLR
SRM (S) (Zhou, 2010)
RS (S) (Wang et al., 2015)
SRM (J) (Zhou, 2010)
RS (J) (Wang et al., 2015)

0.921
0.877
0.881
0.844
0.851

0.882
0.855
0.863
0.808
0.816

0.891
0.857
0.868
0.819
0.829

0.873
0.856
0.862
0.756
0.772

0.913
0.844
0.857
0.797
0.809

0.872
0.837
0.851
0.752
0.764

0.886
0.836
0.852
0.760
0.768

0.866
0.839
0.855
0.731
0.749
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(b) CT
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Fig. 9. The convergence of the alternating optimization algorithm on the MR (a) and CT (b) datasets.
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age representation, which has been validated by comparing with
other feature learning algorithms including representative dimensionality reduction algorithms: PCA and GPCA/2DPCA. By leveraging the strength of generalized low-rank approximation of matrices, the SDL takes 2D matrices as inputs, which allows to explore
the distinctive physical meanings of rows and columns in the matrix; it can achieve more robust parameter estimation by largely
reducing the number of parameters to learn due the use of 2D inputs. More importantly, the SDL incorporates the target information, i.e., the four chamber volumes, into the feature learning by
a supervised manifold regularization, which extracts discriminative features closely related to four chamber volumes while removing redundant and irrelevant information, leading to more accurate
and eﬃcient estimation.
5.2. The advantage of MSLR for direct and simultaneous four
chamber volume estimation
The effectiveness of the proposed multioutput sparse latent regression (MSLR) has been validated by the better performance than
representative multioutput regression models including multidimensional support vector regressor (mSVR), adaptive k-cluster
random forests (AKRF) and kernel partial least square (KPLS),
which do not provide explicit and effective way to model interdependency of the four chambers. The advantage of the MSLR stems
from that it successfully handles the high complexity of the four
chambers by jointly disentangling the highly complex relationship
between image representations and four-chamber volumes while
capturing the interdependency between the four chambers. Our
MSLR provides a general framework for direct and simultaneous
four chamber volume estimation, which enables more accurate and
clinically meaningful volume estimation of the four chambers by
leveraging their interdependency.
5.3. Segmentation vs. direct estimation for cardiac four chamber
volume estimation
Simultaneous four chamber volume estimation is meaningful and useful in terms of both methodology and clinical practice, while it remains a challenging task for existing segmentation based methods (Toth et al., 2013). Segmentation has also
made great progress and becomes more reliable, accurate and
less time-consuming. However, existing segmentation methods has
been mainly focused on one single chamber/ventricle, mostly on
left ventricle (LV), recently on right ventricle (RV) and left atrium
(LA), and very few on right atrium (RA). Cardiac four chambers are
anatomically connected and interdependent, and their volumes are
statistically correlated. Segmenting each of the four chambers separately would not be able to capture their relationships, and tends
to be extremely time-consuming by quadrupling the task. Moreover, due to their spatial interdependency and temporal deformation, it tends to be very challenging to automatically localize each
of the four chambers individually, which however is a prerequisite
to achieve accurate an eﬃcient segmentation.
The signiﬁcant advantages of direct estimation by multioutput
regression come from its innate capability of simultaneous estimation of four chamber volumes while naturally capturing their
correlations to achieve accurate estimation. Four chamber volumes
could also reciprocally validate each other to achieve reliable and
clinically more meaningful estimation. The performance of direct
estimation by regression on bi-ventricle and the four chambers is
encouraging and indicates its great potential to directly estimate
anatomical structures, e.g., landmarks, contours and wall thickness,
etc. and clinical measurements, e.g., ejection fraction (EF) and ventricular mass, etc. These quantities provide complementary measurement to volumes for more comprehensive assessment, which

makes direct estimation more reliable and transparent to radiologists. Moreover, simultaneous four chamber volume estimation
does not require the localization of each of the four chambers, and
only needs a rough region of interest (ROI) enclosing all the four
chambers.
6. Conclusion
In this paper, we have presented a new method for direct and
simultaneous cardiac four-chamber volume estimation. The proposed method for the ﬁrst time achieves simultaneous cardiac
four-chamber volume estimation. By simultaneously estimating
four chamber volumes using multioutput regression, our method
not only enables a more eﬃcient, accurate and comprehensive cardiac functional assessment, but also allow to cross-validate each
individual of the four chambers for accurate clinical diagnosis. The
proposed direct estimation framework is highly generalized independent of imaging modalities, and can not only be used for volume estimation of organs, but also be widely applied to other clinical data prediction, e.g., pattern prediction from fMRI (Chu et al.,
2011) and cardiac motion prediction from single-phase CTA (Metz
et al., 2012). We have conducted extensive experiments on cardiac four chamber datasets with both MR and CT modalities, and
the proposed direct method achieves high estimation accuracy and
performs better than representative segmentation methods.
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