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Abstract. Compared with global measurements such as ejection fraction, re-
gional myocardial deformation can better aid detection of cardiac dysfunction.
Although tagged and strain-encoded MR images can provide such regional infor-
mation, they are uncommon in clinical routine. In contrast, cardiac CT images are
more common with lower cost, but only provide motion of cardiac boundaries and
additional constraints are required to obtain the myocardial strains. To verify the
potential of contrast-enhanced CT images on computer-aided infarction identifi-
cation, we propose a biomechanical approach combined with the support vector
machine (SVM). A biomechanical model is used with deformable image registra-
tion to estimate 3D myocardial strains from CT images, and the regional strains
and CT image intensities are input to the SVM classifier for regional infarction
identification. Cross-validations on ten canine image sequences with artificially
induced infarctions showed that the normalized radial and first principal strains
were the most discriminative features, with respective classification accuracies of
87±13% and 84±10% when used with the normalized CT image intensity.

1 Introduction

Compared with global cardiac measurements such as wall thickening or ejection frac-
tion, regional myocardial deformation has the potential for early quantification and
identification of cardiac dysfunction, especially for myocardial infarction [4]. Cardiac
magnetic resonance (MR) imaging techniques such as tagged and strain-encoded imag-
ing are useful in this aspect as they can reveal local myocardial deformation [13], but
they are uncommon in clinical routine and relatively expensive. Furthermore, the long
breath-hold acquisition time also limits the image quality. In contrast, cardiac computed
tomographic (CT) images are more commonly available with lower cost, and a high-
resolution image sequence can be produced in just a single heartbeat [8]. However, CT
imaging associates with potential radiation risks. Moreover, as CT images can only pro-
vide motion of salient features such as the cardiac boundaries, additional constraints are
required to estimate the myocardial deformation [13].

Despite the extensive studies of cardiac images in disease diagnosis [4], [9], [6], there
are only limited frameworks proposed for computer-aided infarction identification, and
most of them are for MR images. In [12], regional 2D myocardial strains and rotation
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Fig. 1. Biomechanics-based myocardial strain estimation.

angles were estimated from each 2D tagged MR image sequence using nontracking-
based estimation. By combining these spatiotemporal measurements into a matrix, a
tensor-based linear discriminant analysis framework was proposed to verify whether a
heart is normal or diseased. In [11], spatiotemporal measurements of the endocardium
and epicardium were extracted from each 2D cine MR image sequence at different ven-
tricular levels using image registration. By using the Shannon’s differential entropies of
these patterns, a naive Bayes classifier was used to identify regional infarction. To the
best of our knowledge, there are currently no computer-aided infarction identification
frameworks specifically proposed for CT images.

To study the potential of the clinically more common contrast-enhanced CT images
on computer-aided regional infarction identification, we propose a biomechanical ap-
proach combined with the support vector machine (SVM) as the classifier. To estimate
3D myocardial strains, displacements of the cardiac boundaries are computed using
deformable image registration. By applying these boundary displacements to a finite
element (FE) heart representation with hyperelastic and isotropic material properties,
the strains are computed by solving the cardiac system dynamics. Apart from strains,
CT image intensity which has been shown to be correlated to infarction is also uti-
lized [9]. For regional identification, the left ventricle is divided into 17 zones of the
American Heart Association (AHA) nomenclature [1], and the zonal strains and image
intensities are input to the SVM classifier. To assess the identification capability, leave-
one-subject-out (LOSO) cross-validations were performed on ten canine cardiac image
sequences with artificially induced infarctions, and the performances of using different
feature combinations were studied.

2 Myocardial Strain Estimation from CT Images

Myocardial strain estimation can be achieved through biomechanics and deformable
image registration (Fig. 1). To obtain the FE heart representation, manual segmentation
is performed on the end-diastolic image to provide the tetrahedral mesh of the left ven-
tricle which is partitioned into the 17 zones of the AHA nomenclature [1]. With the
displacement boundary conditions from image registration, the FE mesh is deformed
through the biomechanical model to estimate the myocardial strains.

2.1 Displacement Boundary Conditions by Deformable Image Registration

Image-derived displacement boundary conditions are required to deform the FE mesh.
Because of the high image quality of single-heartbeat contrast-enhanced CT images,
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motion tracking algorithms developed for cine MR images can be adopted [13]. During
the initial framework development, the block-matching method which compares local
image blocks between consecutive images was used. Without additional constraints, the
resulting displacement fields are unsmooth and physically unrealistic deformation may
occur, and thus filtering techniques or manual adjustments are required. In consequence,
to facilitate clinical applications, B-spline deformable image registration is used instead
[10]. This approach provides smooth deformation fields because of the nature of the
B-spline interpolation, and its ITK implementation can provide robust inputs to our
biomechanics-based strain estimation.

2.2 Biomechanics-Based Myocardial Strain Estimation

As the displacement fields from image registration can only provide useful information
of the salient features such as the cardiac boundaries, to estimate the myocardial strains,
deformable models are required. Among different algorithms [13], biomechanics-based
approaches have shown promising performance because of the physically realistic con-
straints such as smooth deformation and tissue incompressibility. Although the heart
tissue is known to be orthotropic [3], we use the isotropic material property because
subject-specific tissue structures are clinically unavailable. Furthermore, the hyperelas-
tic material property is used as it is more realistic for soft tissues which undergo large
deformation [3]. For simplicity, we use the modified Saint-Venant-Kirchhoff constitu-
tive law to model the tissue as nearly incompressible and isotropic material [7]:

ψ(ε) =
1

2
λ(J − 1)2 + μTr(ε̄2) (1)

where J = detF, with F the deformation gradient tensor. ε̄ is the isovolumetric part
of the Green-Lagrange strain tensor ε = 1

2 (F
TF − I). λ and μ are the bulk and shear

modulus, respectively. With (1), the second Piola-Kirchhoff stress tensor (∂ψ∂ε ) and the

elasticity tensor (∂
2ψ

∂ε2 ) can be computed, which are embedded to the FE-based total-
Lagrangian cardiac system dynamics for the myocardial deformation [14]:

MÜ+CU̇+KΔU = Fb − Ft (2)

with M,C, andK the mass, damping, and stiffness matrix, respectively.ΔU, U̇, and Ü
contain the nodal incremental displacements, velocities, and accelerations, respectively.
Fb contains the displacement boundary conditions from image registration, and Ft con-
tains the internal stresses. By solving (2), the nodal displacements and thus strains can
be estimated from the image-derived motion. At each node, the three principal strains
(ε1 > ε2 > ε3) and the six cylindrical strains with respect to the long-axis of the left
ventricle (εrr, εθθ, εzz , εrθ, εrz , εθz , with r, θ, and z the radial, circumferential, and
longitudinal direction, respectively) are computed for the whole cardiac cycle.

3 Infarction Identification Using SVM

SVM is used to identify infarction from the image-derived features [2]. SVM is a su-
pervised learning algorithm frequently used in medical image analysis because of its
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(a) (b)

Infarction Image intensity Radial strain

Fig. 2. Data example. (a) Short-axis slice and expert-identified infarction in red (zone 7 and 8).
(b) Expert-identified infarction, normalized image intensity, and normalized radial strain (εrr) in
terms of AHA zones.

accuracy and flexibility in adapting different sources of data. In a binary classification
problem, given training feature vectors with known labels, the SVM classifier constructs
a hyperplane whose distances to the nearest training vectors of each class are maxi-
mized. Experimentally verified features are used, which include myocardial strains and
contrast-enhanced CT image intensity.

3.1 Contrast-Enhanced CT Image Intensity

The capability of using contrast-enhanced CT image intensity to depict myocardial in-
farction has been verified through experiments [9]. To obtain contrast-enhanced CT
images, an iodine-based contrast agent which causes greater absorption and scattering
of X-ray radiation is injected into the subject, which leads to an increase in CT atten-
uation and thus contrast enhancement. As infarction reduces myocardial blood supply,
hypo-enhancement can be observed (e.g. Fig. 2(a)). The correlation between the hypo-
enhanced and infarcted regions was validated through porcine data with postmortem
TTC staining [9]. As hypo-enhancement lasts for several cardiac cycles, it can be a ro-
bust feature for infarction identification. In our framework, as regional infarction is of
interest, the average value of the image intensities at the bottom 10th percentile of each
AHA zone at end-diastole is used (Fig. 2(b)). To alleviate the effects of inter-subject
variability and to facilitate the accuracy and stability of the SVM classifier, the AHA
zonal intensities are normalized (divided) by the largest zonal intensity of each subject.

3.2 Myocardial Strains

The capability of using strains to identify infarction has been verified from animal and
human data, with the strain magnitude inversely proportional to the infarction severity
[4], [6]. Strains estimated from tagged MR images show their superiority to wall thick-
ening [4], and strains estimated by speckle tracking echocardiography correlate well
with the normal and abnormal cardiac functions including infarction [6]. In our frame-
work, the AHA zonal strains estimated by the biomechanical model are used, which are
computed as the average nodal strains of the zones. For each strain type (e.g. εrr) in
each zone, the zonal strain with the largest magnitude in the whole cardiac cycle is used
as a SVM instance. To alleviate the effects of inter-subject variability, for each strain
type, the zonal strains are normalized (divided) by the largest zonal strain magnitude
among all zones in the whole cardiac cycle of each subject (Fig. 2(b)). The differences
between using normalized and unnormalized strains are presented in Section 4.
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Table 1. F-scores of normalized and unnormalized features.

εrr εθθ εzz εrθ εrz εθz ε1 ε2 ε3 Intensity

Normalized 0.79 0.42 0.06 0.00 0.11 0.00 0.59 0.07 0.17 0.48

Unnormalized 0.36 0.37 0.05 0.00 0.13 0.00 0.21 0.05 0.07 0.29

3.3 SVM and Cross-Validations

The SVM C-support vector classification which is less sensitive to outliers is utilized
[2]. We use the linear kernel because it gave similar results as the nonlinear kernels in
our experiments but was more computationally efficient. Grid search is used to select
the optimal regularization parameter C using the training data.

To verify the capabilities of different feature combinations on infarction identifica-
tion, LOSO cross-validations are used. Let n be the number of subjects. In each test,
the zonal features of n− 1 subjects are used to train the classifier, which is then used to
classify the zonal infarction of the left-out subject. The average performance can then
be obtained after the n tests. The classification accuracy (∈ [0,1]) of each LOSO test is
defined as (# of correctly identified zones) / (# of zones). For the inter-rater agreement
between the ground truth and the classification, the Gwet’s AC1 coefficient (∈ [-1,1]),
which has been shown to be more reliable than the Cohen’s kappa, is used [5].

Moreover, to measure feature discrimination, a variant of Fisher score is used [2]:

F-score =

(
x̄(+) − x̄

)2
+
(
x̄(−) − x̄

)2

1
n+−1

∑n+

i=1

(
x
(+)
i − x̄(+)

)2

+ 1
n−−1

∑n−
i=1

(
x
(−)
i − x̄(−)

)2 (3)

with x̄, x̄(+), and x̄(−) the average value of the whole, positive-labeled (infarct), and
negative-labeled (normal) instances of a feature, respectively. n+ and n− are the num-
bers of positive and negative instances, and x

(+)
i and x

(−)
i are the ith positive and neg-

ative instances. Therefore, a larger F-score means a more discriminative feature.

4 Experiments

4.1 Experimental Setups

Ten single-heartbeat contrast-enhanced CT image sequences of ten canines with artifi-
cially induced myocardial infarctions were acquired by the Toshiba Aquilion ONE CT
system, with the infarctions caused by left anterior descending artery blockages. Each
cardiac cycle (0.52-0.96s) had 20 frames, with voxel size of 0.28 × 0.28 × 1.00 mm3.
The infarcted regions were identified by experts using dynamic perfusion CT images in
terms of AHA zones, with 110 normal and 60 infarcted zones in total. Different feature
combinations were studied, including using the strains separately (single-strain) or al-
together (all-strain), and with or without using normalization and image intensity. As
the control group without infarction was unavailable, the capability of the framework
on discriminating between infarcted and non-infarcted hearts could not be studied.
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(a) Normalized image intensity

0 0.2 0.4 0.6 0.8 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1 − Specificity

S
en

si
tiv

ity

εrr, AUC 0.90
εθθ, AUC 0.83
εzz, AUC 0.63
εrθ, AUC 0.54
εrz, AUC 0.68
εθz, AUC 0.55
ε1, AUC 0.81
ε2, AUC 0.64
ε3, AUC 0.72

(b) Normalized strains
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(c) Normalized strains + intensity
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(d) Unnormalized image intensity
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(e) Unnormalized strains
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(f) Unnormalized strains + intensity

Fig. 3. Single-strain features. Average ROC curves of LOSO cross-validations. Each curve was
constructed from the SVM decision values of all tests in a cross-validation. In (c) and (f), only
the normalized image intensity was used with the strains.

Table 2. Single-strain features. Results of LOSO cross-validations. For normalized image inten-
sity, accuracy = 81±16% and AC1 = 63±32%. For unnormalized image intensity, accuracy =
74±24% and AC1 = 52±44%. Only the normalized image intensity was used with the strains.

εrr εθθ εzz εrθ εrz εθz ε1 ε2 ε3

Normalized strains
Accuracy (%) 84±11 79±9 66±14 58±15 66±8 56±16 72±15 58±15 71±10

Strains
AC1 (%) 71±20 65±14 40±28 34±30 37±17 30±37 47±30 34±30 45±21

Accuracy (%) 87±13 80±14 80±16 80±16 79±17 80±16 84±10 79±18 77±15
Strains + intensity

AC1 (%) 75±25 61±28 62±32 62±31 61±32 62±32 69±20 60±33 56±30

Unnormalized strains
Accuracy (%) 76±17 75±10 64±11 58±15 65±10 57±15 68±20 58±15 59±14

Strains
AC1 (%) 54±34 57±21 36±22 34±30 33±21 31±35 40±36 34±30 36±29

Accuracy (%) 80±20 81±17 80±16 80±16 80±16 79±16 80±20 80±16 79±16
Strains + intensity

AC1 (%) 62±38 64±32 62±32 62±31 62±32 61±31 62±37 62±31 61±31

4.2 Results

Table 1 shows the F-scores of the normalized and unnormalized features. The radial
(εrr), circumferential (εθθ), and first principal (ε1) strains were more discriminative
than the other strains, regardless of normalization. This finding is consistent with the
literature [4], [6]. With normalization, the F-scores were improved in general and those
of εrr and ε1 were more than doubled. The small F-scores of the shear and longitudi-
nal strains are consistent with the fact that twisting and long-axis motions cannot be
properly revealed by CT images. The F-score of the normalized image intensity (0.48)
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(a) Normalized strains
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(b) Unnormalized strains

Fig. 4. All-strain features. Average ROC curves of LOSO cross-validations. Each curve was con-
structed from the SVM decision values of all tests in a cross-validation. Only the normalized
image intensity was used.

Table 3. All-strain features. Results of LOSO cross-validations. For the normalized image inten-
sity, accuracy = 81±16% and AC1 = 63±32%. Only the normalized image intensity was used.

Normalized strains Unnormalized strains

Accuracy (%) 79±10 74±18
Strains

AC1 (%) 61±19 50±34

Accuracy (%) 83±12 80±17
Strains + intensity

AC1 (%) 67±24 63±32

was larger than the unnormalized one (0.29), and it was also larger than those of the
unnormalized strains but comparable to those of the more discriminative normalized
strains. These show that the proposed feature normalization in Section 3 for alleviating
inter-subject variability can improve the identification performance.

Fig. 3 and Table 2 show the results of using the single-strain features. The classifi-
cation capabilities were consistent with the F-scores. The capability of the normalized
image intensity was better than those of the unnormalized strains as indicated by the
area under curve (AUC) (Fig. 3(a) and (e)) and other measures (Table 2). When using
the normalized image intensity with the unnormalized strains (Fig. 3(f)), the normal-
ized image intensity was dominant and thus the unnormalized strains were unnecessary.
On the other hand, the normalized εrr (Fig. 3(b)) outperformed the normalized image
intensity. When combining with the normalized image intensity (Fig. 3(c)), both the
normalized εrr and the normalized ε1 outperformed themselves and the normalized im-
age intensity alone, and the performance of the normalized ε1 became similar to that of
the normalized εrr. This is an important observation as ε1 is simpler to compute and is
more robust without the need to define the long-axis of the left ventricle.

Fig. 4 and Table 3 show the results of using the all-strain features. Similar to the
single-strain features, the normalized strains outperformed the unnormalized ones. The
combination of the normalized image intensity and the unnormalized strains was sim-
ilar to using the normalized image intensity alone. The combination of the normalized
image intensity and the normalized strains gave the best results, however, its perfor-
mance (Table 3) was worse than those using the normalized εrr or the normalized ε1
with image intensity (Table 2). These show that the use of all strains is unnecessary.
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5 Conclusion

We have presented a biomechanics-based computer-aided framework to identify my-
ocardial infarction from cardiac CT images. Regional CT image intensities and my-
ocardial strains, whose correlations with infarction have been experimentally verified,
are used with SVM to achieve promising identification performance. Experimental re-
sults showed that the normalized features outperformed the unnormalized ones, and the
normalized radial strain and the normalized first principal strain were the most discrim-
inative strain features when combined with the normalized image intensity.
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