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Cardiovascular disease (CVD) is the world’s top mortality
cause, accounting for 1 in 3 deaths and 1 in 5 dollars of the
American healthcare system. Patients deserve more eﬀective,
aﬀordable, equitable care—and now—yet we in the clinical
and research community struggle to accelerate the rate of
reliable and replicable results to keep pace with this growing
global epidemic. Computational advances in statistics and
machine learning are increasingly bridging the informatics
and physiological pipeline uniting precision medicine and
population health, getting us thankfully closer to adequately
addressing patient needs.
Through improved computational models, we could
attain a better understanding of the physiologic (-omics,
electrophysiology, solid mechanics, ﬂuid dynamics), clinical
(disease trajectories, pharmacology, comorbidity interaction), and population (social networks, social determinants, policies, inequities, and ecosystems of health)
factors that help produce the complex phenomenon of CVD.
Computational advances must simplify the CVD problem,
so we can act, reassess, and act again on the problem through
incremental research gains in a growing snowball fashion.
Clinically, patients need such methodological improvements; ﬁnancially, their medical costs are nonsustainable;
and most important, ethically, our patients deserve faster,
better, cheaper results from medical science. Health systems
internationally are responding to (or forced to react to) these
societal changes—patients are rightfully demanding better
treatments, clinicians are expecting better data to guide their
decisions, payers are requiring higher value care, and regulatory and funding bodies are mandating greater transparent and impact research. Yet where to begin, or go from

here in CVD, is nearly as obtuse as the complexity of the
above challenges we face as there are no widely accepted
evidence-based standards in these computational advances,
nor how to optimally apply them to reverse the CVD
epidemic.
This special issue therefore aims at accelerating the
dissemination of promising CVD computational advances.
We received 15 submissions worldwide, and after performing rigorous and careful peer review, 6 of them were
selected for this special issue. These resultant published
studies provided novel computational, statistical, and machine learning approaches or clinical application to improve
modelling for blood ﬂow dynamics, solid mechanics, breath
wave dynamics, and electrical cardiac rhythm for such
patient populations as those aﬀected by aortic aneurysm and
dissection, atrial ﬁbrillation, congestive heart failure, and
arrhythmias.
One ﬂow dynamic study conducted by J. Febina et al.
created a 3D non-Newtonian mathematical model of pulsatile cardiac blood ﬂow using CTdata to map thoracic aortic
aneurysm for computational ﬂuid dynamics (CFD) to thus
demonstrate wall shear stress (WSS) as a predictor for
impending rupture, risk stratiﬁed throughout the cardiac
cycle and stress conditions. This model notably included the
vortex formation pattern and ﬂow reversal (as in WSS) and
therefore provided evidence for WSS nonoverly predicted
through non-Newtonian pulsatile ﬂow (similar to the natural physiology of the cardiac cycle of contraction and relaxation) but overpredicted when the natural ﬂow pattern of
laminar-turbulent-laminar is added to the non-Newtonian
pattern. Newtonian ﬂuid dynamics on the other hand were
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deployed in a diﬀerent study performed by I. Avrahami and
colleagues to assess carotid blood ﬂow and wall dynamics in
multiple bifurcation scenarios (normal, narrowed postoperatively with suture, and widened with high, medium,
and lower ﬂexibility patches) using ﬂuid-structure interaction (FSI) numerical simulations. This was done to aid
in the clinical decision about suture-based carotid endarterectomy versus patch-based angioplasty. The analysis
suggested primary suture was superior to patch angioplasty
by higher stress and high oscillatory shear index (OSI) along
with lower time-averaged wall shear stress (TAWSS), with
the high ﬂexibility patch outperforming the lower ﬂexibility
patch. Image improvement was the focus of a third ﬂow
dynamic study conducted by Huang and co-workers. In this,
an image time-domain integration modelled on blood ﬂow
periodicity was proposed to streamline improvements in
image and noise suppression for digital subtraction angiography (DSA). In this model, postcontrast cardiac cycle
images were synthesized for independent application or as a
postprocessing noise suppression technique. This approach
demonstrated good real-time performance and eﬃciency for
enhancement and noise suppression in aortic dissection.
Flow dynamics were included with solid mechanics in another paper by N. Kiefer et al., in which a global optimization
algorithm was proposed and deployed in 17 critically ill
atrial ﬁbrillation (AF) patients to approximate diastolic
stiﬀness (to aid in the diagnosis of left ventricular diastolic
dysfunction (LVDD)) through a mathematical solution for
the ill-posed nonlinear inverse problem of parameter estimation rooted in the physiological model of diastolic ﬁlling.
This study provides the ﬁrst known quantiﬁcation of LV
diastolic function using routine clinical data from critically
ill patients with AF.
Breath wave dynamics were assessed in the study of T.-C.
Fu et al. using an autoregressive (AR) mathematical model
created to analyze breath-by-breath exercise test data to
better analyze cardiopulmonary exercise testing (CPET)
exercised-induced periodic breathing (PB) to prognosticate
congestive heart failure (CHF). Hilbert–Huang transform
(HHT) was utilized to decompose the AR model’s breathby-breath values into intrinsic mode functions (IMFs),
mathematically representative of individual breath’s physiologic oscillation in various frequencies. This model demonstrated predictive performance for CHF prognosis based
on the third and fourth IMF components among 61 CHF
patients, evidencing the biologic basis as a physiologic reserve indicated by ventilation and the above HHT approach
to modelling CHF.
Finally, electrical cardiac rhythm was studied in another
paper of S. M. Anwar et al. on dynamic and morphological
electrocardiogram (ECG) features which were utilized in a
novel approach for arrhythmia classiﬁcation using discrete
wavelet transform (DWT, dimensionality reduced by independent component analysis to minimize redundancy) for
heart beats and Teager energy operator for nonlinear dynamic RR intervals. These features were then run through a
threefold cross-validation neural network algorithm, which
was then compared with the MIT-BIH databases for arrhythmia (13,724 beats) and supraventricular arrhythmia
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(22,151 beats). Accuracy for class- and subject-orientated
schemes was improved to 99.75% and 99.84% using this
unique approach. Machine learning methods, such as neural
network applied in this paper, and other popular algorithms
including support vector machine, k-nearest neighbor, decision tree, and random forest, are gaining attention in their
applications for -omics research and precision medicine to
augment translational clinical research, notably by providing
the unique advantages of handling high-dimensional data
more eﬃciently than traditional statistical strategies.
To the researchers who submitted these accepted
manuscripts and those which were not, we are grateful for
their shared commitment to improved scientiﬁc understanding and thus clinical care. We hope that, in some
small way, the cardiovascular computational advances they
contain may not only improve the patient care to which they
apply but also accelerate the CVD research to which their
methodologies can be more broadly adapted. Our patients
and populations deserve better care. And so we oﬀer this
special issue as a humble step forward, believing in the
promise of such computational advances to help speed up
the journey for conquering CVD together as a global human
family.
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Introduction. Left ventricular diastolic dysfunction (LVDD) and atrial ﬁbrillation (AF) are connected by pathophysiology and
prevalence. LVDD remains underdiagnosed in critically ill patients despite potentially signiﬁcant therapeutic implications
since direct measurement cannot be performed in routine care at the bedside, and echocardiographic assessment of LVDD in
AF is impaired. We propose a novel approach that allows us to infer the diastolic stiﬀness, β, a key quantitative parameter of
diastolic function, from standard monitoring data by solving the nonlinear, ill-posed inverse problem of parameter estimation
for a previously described mechanistic, physiological model of diastolic ﬁlling. The beat-to-beat variability in AF oﬀers an
advantageous setting for this. Methods. By employing a global optimization algorithm, β is inferred from a simple six parameter
and an expanded seven parameter model of left ventricular ﬁlling. Optimization of all parameters was limited to the interval ]0,
400[ and initialized randomly on large intervals encompassing the support of the likelihood function. Routine ECG and arterial
pressure recordings of 17 AF and 3 sinus rhythm (SR) patients from the PhysioNet MGH/MF Database were used as inputs.
Results. Estimation was successful in 15 of 17 AF patients, while in the 3 SR patients, no reliable estimation was possible. For
both models, the inferred β (0.065 ± 0.044 ml−1 vs. 0.038 ± 0.033 ml−1 (p � 0.02) simple vs. expanded) was compatible with the
previously described (patho) physiological range. Aortic compliance, α, inferred from the expanded model (1.46 ± 1.50 ml/
mmHg) also compared well with literature values. Conclusion. The proposed approach successfully inferred β within the
physiological range. This is the ﬁrst report of an approach quantifying LVDF from routine monitoring data in critically ill AF
patients. Provided future successful external validation, this approach may oﬀer a tool for minimally invasive online
monitoring of this crucial parameter.

1. Introduction
Heart failure (HF) and atrial ﬁbrillation (AF) are both
frequent cardiovascular conditions that share an increasing
prevalence and cause signiﬁcant morbidity, mortality, and
socioeconomic burden [1–5]. Incidence correlates with age
[6–8]. In the USA, HF is the most frequent reason for
unplanned/medical ICU admission, either primarily as acute
HF or as an aggravating comorbidity [9].

About half of HF patients present with left ventricular
diastolic dysfunction (LVDD) [5, 10, 11], a condition termed
“heart failure with preserved ejection fraction” (HFpEF).
LVDD and AF are closely connected by pathophysiology
and prevalence: LVDD precipitates AF, and the absence of
atrial contraction in AF aggravates LVDD [12–15]. AF is the
most common arrhythmia in HF with 65% of HFpEF
presenting with AF [16]. AF is associated with increased
mortality in HFpEF [17]. Although in cardiology, HFpEF
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has become a very common diagnosis, LVDD remains
underdiagnosed in the ICU population, despite a potentially
large impact on therapeutic decisions [18].
In critically ill patients, prevalence of AF is increased
[19] and left ventricular diastolic function (LVDF) may be
additionally impaired [20]. Assessment and monitoring of
LVDF in presence of AF is challenging as standard
echocardiographic measures (E/A, E/E′) are diﬃcult to
obtain and do not allow for continuous monitoring [21].
Acquisition of invasive measures such as the left ventricular diastolic time constant (τ) is not feasible at the
bedside [22].
The fundamental cardiovascular physiology approach to
quantify diastolic cardiac function involves the recording of
pressure-volume loops under varying preload conditions to
estimate the nonlinear diastolic pressure-volume relationship [23]:
PLV VLV  � PLV0 eβ(VLV −VED0 ) − 1,

(1)

where β quantiﬁes the exponential diastolic ventricular
stiﬀness, PLV0 represents the pressure scaling factor, and
VED0 corresponds to the unstressed volume.
According to Frank–Starling’s law and given an otherwise stationary state, variations in end-diastolic volume
(EDV) determine beat-to-beat stroke volume variability
[24]. In the absence of synchronised atrial contraction in AF,
EDV primarily depends on the duration of ﬁlling, the diastolic properties of the ventricle, preload, and the endsystolic volume, which in turn depends on the previous
cardiac cycle and the systolic properties of the ventricle.
Previous attempts to quantify the relationship between
variable ﬁlling times in AF and stroke volume have produced
heterogeneous results [25].
The application of nonlinear mathematical representations of physiology based on solving the inverse problem
of parameter estimation from available observations/
measurements has become feasible at the bedside due
to the recent availability of aﬀordable high-performance
computational resources [26, 27]. For such a model-based
approach, AF patients are a particularly promising population due to the high intrinsic variability in observable
physiological time series. This variability eﬀectively acts as
a continuous high-bandwidth perturbation of the underlying biological system, facilitating system identiﬁcation and subsequent parameter estimation within a short
observation period.
Zenker et al. have previously described a simple, nonlinear, mechanistic model of the left ventricle [28]. We
hypothesized that inversion of this model would allow
quantitative inference of parameters of LVDF from routine
ECG and invasive arterial pressure (ABP) recordings in AF
patients under minimal assumptions. The aim of this study
was to assess whether inference of β, the exponential diastolic ventricular stiﬀness, is feasible using global optimisation. Additionally, we aimed to evaluate whether
uncertainty quantiﬁcation from the local covariance would
allow for robust identiﬁcation of individual patients in which
inference failure occurred.

2. Materials and Methods
2.1. Ethical Approval. The dataset used in this study is freely
available and fully deidentiﬁed. Thus, no ethical restrictions
apply in this context.
2.2. Data Acquisition. We used the PhysioNet [29] Massachusetts General Hospital/Marquette Foundation (MGH/
MF) Waveform Database [30]. It contains recordings of
patient’s physiological signals including ECG and invasive
ABP. The data are 360 Hz 8-bit time series in the PhysioNet
binary format. Patients were selected using the patient guide,
which contained limited clinical information such as cardiac
rhythm. We screened the entire database with regard to
documented cardiac rhythm and extracted datasets for two
patient groups: the AF group (17 patients) included all
patients with AF without pacemakers or intermittent nonAF cardiac rhythms in the available low-noise areas of the
recordings. The sinus rhythm (SR) control group included 3
patients with documented SR without ECG alterations or an
arrhythmia described in the patient guide.
2.3. Signal Processing and Data Selection. RR intervals (RRIs)
were calculated based on an ECG R peak detection algorithm
derived from methods described by Arzeno and coworkers
[31]. Pulse pressures (PPs) were computed from ABP recordings using an algorithm adapted from Zong et al. [32].
Manual selection of low-noise intervals was then performed
to extract 800 pairs of RRIs followed by pulse pressures
(PPs). The resulting RRI and PP time series are made
available as text ﬁles in the online supplement.
2.4. Software Development and Implementation. The main
data processing and inference routine was implemented in
C++ using the ADOL-C 2.63 [33], Armadillo v8.2 [34],
Boost v1.60 [35], and TRNG4 4.19 [36] libraries. The data
were visualised and postprocessed using Python v.3.6 [37]
with the numpy v.1.13 [38], Matplotlib v.2.1 [39], pandas
v.0.19 [40], and SciPy v1.0 [41] packages. The estimation of
the covariance used MATLAB R2017a, (The Mathworks, Inc,
Natick, Massachusetts, USA). The analysis code is available
in the online supplement Code.
2.5. Mathematical Model. The mechanistic model of the left
ventricle used in this paper derives the diastolic ﬁlling behaviour from a simple ODE:
1
1 − k1 eβk3 (t+C)
VED tdia  � k3 tdia + C − ln
,
k3
β

(2)

whose solution predicts end-diastolic volume, VED , from
ﬁlling times, tdia , the exponential diastolic stiﬀness parameter, β, the time shift constant, C, and two combined parameters k1 and k3 , which in addition to β, the mitral valve
resistance, Rvalve , and the ﬁlling pressure, Pcvp , incorporate
parameters PLV0 and VED0 of the nonlinear pressure-volume
relationship [28].
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k1 �

−PLV0 −βVED0
e
,
Rvalve

3

(3)

Pcvp
P
k3 � LV0 +
,
Rvalve Rvalve
where k1 and k3 both include the term PLV0 /Rvalve , with k1
additionally depending on β and VED0 . This interdependence
warrants constraint considerations for valid combinations
when solving the inverse problem. More information on the
model parameters and the limits is provided in the online
supplement Expanded Methods-Modeling and Constraints
(available here).
The model predicts volumes, whereas in routine data,
only pressure measurements are readily available. To convert
volumes into pressures, we assume a linear model of the
static aortic pressure-volume relationship, expressing pulse
pressures as a function of diastolic ﬁlling time tdia with the
aortic compliance, α, and the zero-oﬀset, δ:
PPi �

VED tdia i 
+ δ.
α

(4)

Equations (2) and (4) jointly deﬁne the simple model (SM),
in which only the diastolic properties of the left ventricle and
aortic pressure-volume relationship are taken into account.
After ﬁtting the SM resulting from equation (4) to patient data, we observed a strong systematic dependence of
residuals on the RRI preceding the RRI directly determining
the ﬁlling duration. Such a dependence has previously been
attributed to variations of the inotropic state of the heart,
among other things [42, 43]. The model was therefore expanded to include a simple linear correction to compensate
these eﬀects. The pulse pressure of the ith beat for this expanded model (EM) then depends on an additional factor k4
weighting the contribution of the prepreceding RRI:
PPi �

VED tdia i  + k4 ∗ tdia i−1
+ δ.
α

(5)

2.6. Global Optimisation. Since initial exploration showed
that eﬃcient local optimization algorithms of various types
became trapped almost immediately in the local minima in
the neighbourhood of randomly chosen starting points, we
were forced to fall back to parallel tempering (PT) as a
computationally expensive global optimization technique to
obtain estimation results independent of subjective choices
of starting points [44]. The likelihood was calculated assuming a normally distributed, independent measurement
error with a standard deviation (SD) of 12 mmHg for PPs. To
minimize the potential inﬂuence of assumptions on results,
we constrained optimization for all parameters to ]0, 400[, a
range much larger than known or reasonable physiological
constraints. Additionally, the optimization was initialised
randomly, rejecting randomly chosen starting points if the
local log-likelihood did not exceed a threshold of −5208, an
empirically chosen limit corresponding to the likelihood at a
sum of squares error of 1,500,000 mmHg2. This was done to
ascertain initialisation of the PT on the support of the

likelihood function to obtain appreciable acceptance rates.
Based on experience from exploratory sampling runs to
determine the support of the likelihood function, the following initialization intervals were chosen: k1, β, and C by a
uniform distribution in log space ]−40, 4[, k3 by a uniform
distribution ]120, 400[, α by a uniform distribution ]0, 5[,
and δ by a uniform distribution ]20, 80[.
We ran 40 million PT samples using 24 chains, with a
randomised starting point for each chain within the support
and a multivariate Gaussian proposal distribution with a
diagonal, empirically determined covariance ﬁxed across all
patients. The chains were separated by an exponential
temperature ladder with base 6. The code, data, and instructions are made available in the online supplement
(available here).
2.7. Statistics/Uncertainty Quantiﬁcation. The best (maximum) likelihood vector (BLV) seen by the sampler was used
to compute Pearson’s R2 as a measure of observed fraction of
variation explained (FVE) by the model. At this parameter
vector, the uncertainty was calculated by estimating the
covariance from a local Hessian, regularized following the
recommendations of Gill and King [45]. Details are discussed in the online supplement Expanded MethodsUncertainty Quantiﬁcation (available here).
The residuals with respect to the ﬁlling and preﬁlling
interval were evaluated for any systematic errors. All data are
presented as mean ± standard deviation (SD). Groups were
compared using the Mann–Whitney rank sum test, and a twotailed p < 0.05 was considered statistically signiﬁcant [46].

3. Results
3.1. Patient Population. The analysis included 17 AF and 3 SR
patients with mean age 72.5 ± 9.79 yrs and 37.3 ± 25.8 yrs,
respectively. The SR group did not have any documented
preexisting cardiovascular diseases and included two patients
with orthopaedic/trauma diagnosis and one with sepsis. The
AF group included 10 patients with various cardiovascular
primary diagnoses, four patients with gastrointestinal diagnoses, and one patient each with sepsis, cerebral haemorrhage, and renal calculus with retroperitoneal haematoma.
Mean RRIs and PPs of the individual patient did not
diﬀer signiﬁcantly between AF and SR groups (0.68 ± 0.11 s
vs. 0.76 ± 0.04 s, p � 0.20; 71.1 ± 17 mmHg vs. 57.8 ±
18 mmHg, p � 0.20). Individual variability expressed as SD
of RRIs and PPs was signiﬁcantly higher in the AF group
compared to the SR group (SD of RRI 0.12 ± 0.04 s vs.
0.024 ± 0.01 s, p < 0.005; SD of PP 12.45 ± 5.65 mmHg vs.
2.89 ± 0.37 mmHg, p < 0.005). Within the AF group, two
patients (Patient IDs: mgh013 and mgh130) displayed a low
variability of RRI (SD of RRI 0.06 s and 0.048 s, respectively)
similar to the SR group.
3.2. Population Level Estimation Results: Goodness of Fit and
Uncertainty Estimation. The BLVs for both simple model
(SM) and expanded model (EM) provided excellent ﬁts to
the observed RRI-PP relationships in 15 of 17 AF patients,
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with the EM largely eliminating the systematic dependency
on the RRI preceding the RRI determining the ﬁlling time.
FVE was 0.53 ± 0.17 vs. 0.70 ± 0.21, p � 0.007 for SM and
EM, respectively. For SR patients, both models were unable
to provide adequate ﬁts, as evidenced by the low values of
FVE (0.017 ± 0.013 vs. 0.062 ± 0.04, p � 0.38). Examples are
provided in Figure 1, showing a side-by-side comparison of
the models for a typical sinus and AF patient. Plots of all
patients are available in the online supplement Expanded
Results (available here).
BLV values of β in AF patients were 0.065 ± 0.044 ml−1 vs.
0.038 ± 0.033 ml−1 (p � 0.02) for SM and EM, respectively.
The EM values of 15 out of 17 AF patients were within the
range reported by Kass et al. (0.044 ± 0.024 ml−1) [47], whilst
on average slightly exceeding the range described by Schmitt
et al. (0.023 ± 0.006 ml−1) [48], whose measurements were
performed in a younger and healthier cohort, who may quite
plausibly present with a more compliant ventricle. For all SR
patients, values of β were in a similar but higher range
(0.096 ± 0.049 ml−1 vs. 0.11 ± 0.016 ml−1 p � 0.66).
The only other estimated parameter for which we were
able to ﬁnd literature values is capacitive aortic compliance
in ml/mmHg. This was reported in the study by Cohn et al.,
Duprez et al., Liu et al., and McVeigh et al. [49–52] ranging
from 0.8 ml/mmHg to 2.2 ml/mmHg. SM and EM showed
values of 3.22 ± 2.11 ml/mmHg vs. 1.46 ± 1.50 ml/mmHg
(p � 0.04), respectively, for AF patients. The inferred aortic compliance values of the expanded, but not the simple,
model thus compared well with the physiological range.
For both models, the residuals with respect to ﬁlling
time, preﬁlling interval, and observed pulse pressure were
inspected. A typical example for an AF patient is shown in
Figures 2(a)–2(c). For both models, the residuals with respect to ﬁlling time appear to be randomly distributed. In the
residuals with respect to the preﬁlling interval, the dependence seen when applying SM is no longer present for
the EM. In the case of dependence of residuals on the observed pulse pressure, SM shows a stronger correlation than
the EM.
The parameters discussed and their estimated individual
errors, as well as the FVE for all individual patients, are
summarised in Table 1.
3.3. Individual Inference Results: Identifying Inference Failure.
The FVE values in Table 1 allow the identiﬁcation of one
patient (identiﬁer: mgh145) for which both models are not
able to explain more than 13% of the observed variation.
Further investigation of this patient showed that the measurement data violated the model assumption of stationarity,
as seen in Figure 3.
Another outlier can be seen in the values of β for patient
mgh130. Whilst this patient shows values within the
physiological range for the simple model, the expanded
model shows an extreme value of 0.005 ml−1, which is an
entire order of magnitude smaller than the expected range.
Looking more closely at the input data, the patient shows a
linear trend without the nonlinear plateau seen in the plot of
pulse pressure vs. ﬁlling time as is present in the other AF
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patients. Figure 4 shows the plot for mgh130 as compared to
typical AF patients in Figure 1.
A further tool for identiﬁcation of model failure was tested
through estimation of the error associated with the parameter
vector from the local Hessian. The values are shown in Table 1
for the estimated error on β. Comparison between simple and
expanded model shows a mean value across all patients of
0.03 ± 0.03 ml−1 vs. 0.009 ± 0.008 ml−1 (p � 0.01), suggesting a
signiﬁcantly smaller estimation uncertainty in the expanded
model, in addition to the larger FVE. Similarly, comparing the
error on the aortic compliance, α, yields 4.54 ± 4.31 ml/mmHg
vs. 1.38 ± 1.48 ml/mmHg, p < 0.05. Unfortunately, the estimation of the covariance did not ﬂag the previously described
model failures or highlight any new AF patients when looking
at the errors on β or α.
To summarize, we were able to identify a measure of the
diastolic ventricular stiﬀness within the physiological range
for both models from routine data using a mechanistic
mathematical model. The simple model described only diastolic features of the left ventricle but produced a strong
dependence in residuals with respect to the preﬁlling interval.
An expansion of the model using a correcting term, which
takes the RR interval prior to ﬁlling into account, not only
largely eliminated this dependency but additionally provided
estimates of aortic compliance within the physiological range.

4. Discussion
4.1. Inference Results. Our hypothesis was that model-based
quantitative inference would enable us to determine exponential diastolic ventricular stiﬀness, β, an important
quantitative parameter of diastolic cardiac function, from
ECG and ABP measurements in patients with AF, but not in
patients with sinus rhythm. The probability that all global
estimates with global search initialized across and constrained to a huge interval would by chance almost without
exception converge to values within the comparatively tiny
physiological range corresponding to approx. 0.05% of the
constraint interval appears vanishingly small. Thus, our data
clearly support this hypothesis. This is, to our knowledge, the
ﬁrst report of quantitative estimation of diastolic ventricular
function from routine clinical monitoring data in patients
with AF.
Not only did employing the expanded model result in
improved ﬁts as was expected but also allowed inference of
an additional parameter, aortic compliance, within the reported physiological range of 0.8 ml/mmHg to 2.2 ml/
mmHg. Interestingly, estimation uncertainty was reduced
for the expanded model, as well. Whether this is an artefact
of the regularized uncertainty estimation procedure in the
presence of ill-posedness and thus local noninvertibility of
the Hessian at the maximum likelihood estimate or an eﬀect
of reduced misspeciﬁcation remains to be elucidated.
4.2. Identiﬁability of Inference Failure. With respect to potential clinical application, robust and, ideally, automatically
determining valid individual inference results is crucial. In
this investigation, we observed a case in which the violation
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Figure 1: Observed (green) vs. predicted (blue for the simple model, red for the expanded model) relationship between pulse pressures
(PPs) and ﬁlling times for a typical sinus rhythm patient (mgh079) (a) and a typical atrial ﬁbrillation patient (mgh126) (b). (A) Simple
model. (B) Expanded model.

of the model assumption of stationarity resulted in an extremely low FVE for both models. In the expanded model, a
second outlier was identiﬁable only through the implausibly
low (by an order of magnitude below the physiological range)
β value. When inspecting the data, we found that this patient
did not exhibit the nonlinear plateau seen in the other patients, resulting in the optimization eﬀectively converging to a
linear reduced model as β approaches zero rather than the full
nonlinear model. Neither of these patients were identiﬁable
from the covariance matrix at the point of best likelihood seen
by the sampler when inspecting the errors on β and aortic
compliance, suggesting either a thresholding approach or
comparison of FVE with a reduced linear model as possible
ways of identifying this type of inference failure induced by
insuﬃcient or nonstationary data in practice.

In the SR patients, no adequate ﬁt to the observed pulse
pressures was achieved, as evidenced by the low FVE values
and supported by visual inspection of ﬁts and residuals. Yet,
the inferred values of β were only slightly above the physiological range. Inspecting the errors as estimated from the
covariance matrix showed larger errors for both β and aortic
compliance. The actual usefulness of this estimation, however, appears questionable as the model’s assumptions are
violated by the underlying physiology in sinus patients.
Ultimately, only experimental corroboration will determine
usefulness in the clinical setting.
When examining residuals for systematic errors and
comparing results between the simple and expanded
model, it becomes apparent that focusing on the diastolic
properties of the ventricle only cannot explain the entire beat-
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Figure 2: Residuals with respect to ﬁlling interval, preﬁlling interval, and observed pulse pressures for mgh126, a typical AF patient:
residuals with respect to the (a) ﬁlling interval for the simple and expanded model, (b) RR interval prior to the ﬁlling interval for the simple
and expanded model, and (c) observed pulse pressure for the simple and expanded model.

to-beat variability. Taking into account the systematic dependence on the preﬁlling interval in the expanded model
largely resolved this systematic dependence in the residuals

but not the systematic dependence of residuals on observed
values. This suggests a role for more realistic, physiologically
motivated models directly accounting for eﬀects of end-
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Table 1: Summary of patient characteristics and results for both models. The results were rounded to three signiﬁcant ﬁgures where
applicable.
Patient

Age Rhythm

Mean
RR ± SD (s)

mgh013
mgh019
mgh023
mgh027
mgh032
mgh105
mgh126
mgh129
mgh130
mgh135
mgh139
mgh141
mgh144
mgh145
mgh146
mgh147
mgh149
mgh059
mgh079
mgh152

73
79
78
73
78
86
46
63
73
65
64
73
71
81
87
76
67
25
20
67

0.787 ± 0.06
0.75 ± 0.11
0.794 ± 0.19
0.671 ± 0.175
0.733 ± 0.15
0.628 ± 0.16
0.830 ± 0.203
0.420 ± 0.08
0.856 ± 0.05
0.549 ± 0.11
0.608 ± 0.13
0.714 ± 0.14
0.735 ± 0.12
0.578 ± 0.09
0.637 ± 0.08
0.533 ± 0.11
0.706 ± 0.09
0.717 ± 0.04
0.813 ± 0.02
0.764 ± 0.02

AF
AF
AF
AF
AF
AF
AF
AF
AF
AF
AF
AF
AF
AF
AF
AF
AF
S
S
S

Mean
FVE
β simple
PP ± SD
simple
model ± EE
(mmHg) model
(ml−1)
72.1 ± 7.89
0.36 0.0755 ± 0.0215
46.5 ± 12.9
0.5
0.0649 ± 0.104
108.3 ± 18.3 0.73 0.0347 ± 0.0050
70.6 ± 19.1
0.45 0.0700 ± 0.0343
76.0 ± 15.6
0.82 0.0378 ± 0.0103
51.5 ± 8.70
0.53
0.128 ± 0.0655
55.9 ± 8.47
0.77 0.0218 ± 0.0051
80.8 ± 22.0
0.51 0.0574 ± 0.0269
59.7 ± 4.06
0.5
0.105 ± 0.0621
88.9 ± 11.8
0.44 0.0523 ± 0.0089
82.4 ± 13.8
0.7
0.0387 ± 0.0084
56.9 ± 12.7
0.41 0.0125 ± 0.0034
74.1 ± 7.69
0.52 0.0538 ± 0.0137
49.1 ± 10.6
0.13 0.0459 ± 0.0062
97.7 ± 8.94
0.34 0.0736 ± 0.0388
70.1 ± 24.6
0.61 0.0340 ± 0.0092
78.7 ± 8.15
0.64
0.194 ± 0.0845
44.7 ± 2.73
0.02
0.160 ± 0.516
50.4 ± 2.64
0
0.0862 ± 0.241
78.4 ± 3.33
0.03 0.0409 ± 0.0226

α simple
FVE
β expanded
α expanded
model ± EE expanded
model ± EE
model
(ml/mmHg)
model
(ml−1)
(ml/mmHg)
3.86 ± 3.58
0.48
0.0136 ± 0.00205 0.711 ± 0.621
3.71 ± 8.11
0.82
0.150 ± 0.0244 0.684 ± 0.237
2.80 ± 2.14
0.91
0.0124 ± 0.00113 1.25 ± 0.985
4.07 ± 2.48
0.64
0.0471 ± 0.0104 1.70 ± 0.594
3.01 ± 3.39
0.93
0.0198 ± 0.00415 0.880 ± 2.36
7.60 ± 11.5
0.73
0.0368 ± 0.00916 5.37 ± 3.88
4.70 ± 5.87
0.87
0.0335 ± 0.00855 4.98 ± 4.13
1.03 ± 2.68
0.74
0.0472 ± 0.00516 0.529 ± 0.398
5.62 ± 10.38
0.74
0.0052 ± 0.00112 0.622 ± 0.177
0.324 ± 0.432
0.47
0.0553 ± 0.0220 0.333 ± 0.463
2.33 ± 1.41
0.834
0.0187 ± 0.00796 0.652 ± 0.749
0.252 ± 0.069
0.58
0.0112 ± 0.00237 0.461 ± 0.208
5.64 ± 2.27
0.76
0.0441 ± 0.0112 2.40 ± 3.69
0.482 ± 0.151
0.14
0.0672 ± 0.0286 2.57 ± 3.85
3.59 ± 14.83
0.46
0.0347 ± 0.00548 0.560 ± 0.260
0.511 ± 0.481
0.86
0.0328 ± 0.00424 0.211 ± 0.215
5.18 ± 7.46
0.89
0.0110 ± 0.00173 0.955 ± 0.596
44.89 ± 177
0.09
0.118 ± 0.0823
19.8 ± 12.2
10.93 ± 9.51
0.01
0.124 ± 0.0942
31.4 ± 24.6
27.7 ± 51.0
0.1
0.0880 ± 0.211
4.71 ± 3.12

80
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AF � atrial ﬁbrillation; S � sinus; RR � ECG R-peak intervals; PP � pulse pressure; SD � standard deviation; FVE � fraction of variation explained; β � left
ventricular diastolic stiﬀness; α � aortic compliance; EE � error estimate.
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Figure 3: Example of the nonstationary time series of pulse
pressures in patient mgh145, leading to inference failure due to
violation of modeling assumptions.

systolic volume, inotropic state, and afterload on ventricular
performance.
4.3. Clinical Relevance. Our ﬁndings, if transferable to the
bedside, are of high clinical importance for the large group of
ICU patients with combined AF and LVDD.
To our knowledge, no epidemiological data on the
combined prevalence of LVDD and AF in critically ill patients exist in the literature, but it is likely to be high.
Quantiﬁcation of LVDD is impaired in presence of AF, while
it is of signiﬁcant clinical importance in critically ill patients.

0.4

0.6

0.8
Filling time (s)

1.0

1.2

Observed pulse pressure

Figure 4: Example of atrial ﬁbrillation patient (mgh130) without
nonlinear plateau of pulse pressures for higher ﬁlling times, leading
to estimation of a degenerate linear rather than the informative
nonlinear model.

Treatment of acute heart failure in the ICU typically focuses
on adjusting systolic function, volume balance, and peripheral resistance, usually based on combining volume
therapy with catecholaminergic inotropes and vasopressors.
These catecholamines may further impair diastolic function,
if their contractile eﬀect outweighs their lusitropic eﬀect, a
condition commonly referred to as overstimulation [53].
LVDD plays a key role in overstimulation, and presence of
inﬂammation may further aggravate this mechanism [53].
Milrinone and levosimendan, in contrast, have been shown
to improve diastolic function [54–56]. Also, LVDD plays a
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role in weaning pulmonary edema and weaning failure [57].
Our approach may thus enable automated, continuous, and
user-independent assessment of LVDF, providing online
guidance for diﬀerential intensive care therapy of shock. In
the future, the continuous monitoring of LVDD may lead to
novel insights into the physiology of diastolic function under
volume and catecholaminergic therapy in the ICU setting. It
might also contribute to provide better guidance to volume
therapy in the AF subpopulation.
4.4. Limitations. An issue requiring further investigation is
the robust and automatic identiﬁcation of inference failure.
The approach of estimating the covariance from the Hessian,
which was not positive deﬁnite and thus noninvertible to a
classical covariance in this case, did no yield a robust
measure of such failure. The noninvertible, nonpositive
deﬁnite Hessian is a well-known issue especially in the case
of nonlinear models with only partial identiﬁability and has
been discussed in depth with various suggested approaches
ranging from rethinking the model to employing Bayesian
sense sampling techniques [45]. We have been unable to
deﬁnitively resolve this issue so far. From our experience
when attempting to sample full Bayesian posterior distributions for this model to more robustly estimate parameter
uncertainty, only complex algorithmic approaches such as
parallel tempering with large number of samples combined
with manual tuning of the sampling covariance for each
individual patient/dataset were able to generate reasonably
stable posterior estimates, which of course, aside from not
being amenable to full automation in the translational
setting, also carry the risk of introducing subjective bias
through the manual tuning process. We therefore decided
not to report such preliminary results at this stage.
The advantage of robust inference failure identiﬁcation is
the conﬁdence in the quality and reliability of results.
Currently, haemodynamic monitoring devices that rely on
complex processing algorithms may provide information on
the quality of the input signal, e.g., as a signal quality index,
but they are often inherently unable to give any information
on the quality of the computed output. This makes such
monitors a black box for the clinician, who has to use the
displayed parameters for clinical decisions without information on their reliability in the current clinical situation.
In this retrospective study, independent validation
measurements of the inferred β were not available. Therefore, this preliminary report can only serve to stimulate
further research using prospective data that contain quantitative measurements of diastolic function, and data collected during interventions to validate our ﬁndings. External
validation is also required to assess whether the inferred β
values may be usable in situations of estimation failure and
in SR patients, given that estimation results also approach
the physiological range in this pilot study. With regard to
inference methodology, the current approach using parallel
tempering as a global optimisation routine is limited to
relatively short stationary time series, which could be
addressed by applying sequential Monte Carlo techniques
[58] to allow for online estimation of time-varying
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parameters by sequentially assimilating incoming measurements. For bedside use of such an approach, robust
identiﬁcation of model failure in the case of noisy input data
is required and future work needs to address this.
A further limitation is the small number of SR patients
matching the inclusion criteria, resulting in a signiﬁcantly
younger and healthier SR group. This, however, does not
question the ﬁndings. The purpose of including an SR group
in the study design was to demonstrate that the approach
only works with broadband beat-to-beat variation as seen in
AF, not in SR, and that its failure can clearly be identiﬁed.
4.5. Outlook and Future Work. The observation of better ﬁts
from the expanded model with reduced estimation uncertainty, along with reduced, but not eliminated systematic
dependencies in residuals, suggests applying a physiologically more accurate model of left ventricular function, which
includes a quantitative description of systole.
Such a more complex approach will require further investigation of sampling techniques and algorithms as the
current simple model already proved challenging to estimate.
We believe this to be due to the highly nonlinear underlying
parameter space, which could only be eﬀectively sampled by
the PT algorithm. Sequential Monte Carlo techniques may
work better if employed in a continuous tracking scenario, as
is required for clinical application, but the fundamental
challenge of estimation from distributions with narrow
support on a curved submanifold, which appears as the
primary source of the estimation diﬃculty, will remain.

5. Conclusion
In this study, we demonstrated for the ﬁrst time that inferring diastolic ventricular stiﬀness, β, from routine
monitoring data may be possible in ICU patients presenting
with AF. This is of potentially high clinical importance for
the large group of ICU patients with combined LVDD and
AF because of relevant therapeutic implications. Uncertainty
estimation, via local evaluation of the covariance from the
Hessian, in the setting of an ill-posed, nonlinear problem did
not allow for robust identiﬁcation of inference failure. In
order to translate the methodology to the bedside, further
work with regard to robust and automated identiﬁcation of
inference failure and continuous parameter estimation is
needed. A crucial next step will be the prospective validation
of the quantitative correctness of the inferred parameter
values from clinical information.
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Automatic detection and classiﬁcation of life-threatening arrhythmia plays an important part in dealing with various cardiac
conditions. In this paper, a novel method for classiﬁcation of various types of arrhythmia using morphological and dynamic
features is presented. Discrete wavelet transform (DWT) is applied on each heart beat to obtain the morphological features. It
provides better time and frequency resolution of the electrocardiogram (ECG) signal, which helps in decoding important
information of a quasiperiodic ECG using variable window sizes. RR interval information is used as a dynamic feature. The
nonlinear dynamics of RR interval are captured using Teager energy operator, which improves the arrhythmia classiﬁcation.
Moreover, to remove redundancy, DWT subbands are subjected to dimensionality reduction using independent component
analysis, and a total of twelve coeﬃcients are selected as morphological features. These hybrid features are combined and fed to
a neural network to classify arrhythmia. The proposed algorithm has been tested over MIT-BIH arrhythmia database using
13724 beats and MIT-BIH supraventricular arrhythmia database using 22151 beats. The proposed methodology resulted in an
improved average accuracy of 99.75% and 99.84% for class- and subject-oriented scheme, respectively, using three-fold
cross validation.

1. Introduction
Cardiac arrhythmias are a type of irregular heartbeats in
which the heart rhythm is either too fast (tachycardia) or too
slow (bradycardia). A small change in electrocardiogram
(ECG) morphology or dynamics may lead to severe arrhythmia attacks, which can reduce the ability of the heart to
pump blood and causes shorting of breath, pain in chest,
tiredness, and loss of consciousness. There are several types
of arrhythmia, and some of these are dangerous which may
lead to cardiac arrest and sudden death if not detected and
monitored in time [1]. There are other types of arrhythmias
which are not essentially life-threatening, but still require
proper analysis to avoid future clinical problems. A few
categories of arrhythmia appear infrequently in the ECG
signal and hence require long electrocardiogram recordings
in order to be detected. A manual analysis of longer ECG
recordings requires time and great eﬀort. The automatic

detection and classiﬁcation of these arrhythmias oﬀer great
assistance to physicians [2, 3]. Moreover, early diagnosis of
arrhythmias would help in proper treatment and support
sustained life. Therefore, several techniques have been
proposed for automatic detection and classiﬁcation of
various types of arrhythmia [4–10].
A method for classiﬁcation of sixteen types of arrhythmia based on ECG morphology and dynamics was
proposed in [11]. Morphological features were extracted
using discrete wavelet transform (DWT) and independent
component analysis (ICA), while ECG dynamic features
were extracted by calculating RR interval. These features
were then classiﬁed using support vector machine with an
average accuracy of 99.6%. Five types of heartbeats, namely,
normal, premature ventricular contractions (PVC), atrial
premature contractions (APC), left bundle branch block
(LBBB), and right bundle branch block (RBBB) were recognized in [4]. Stationary wavelet transform (SWT) was
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applied on each ECG signal to make it noise free. The highorder statistics of ECG signals and three timing intervals
were considered as features, which were then fed to a hybrid
bees algorithm for training the radial basis function and
resulted in an average accuracy of 95.18%.
Some techniques rely on ﬁducial features, which are
temporal and dynamic features that directly depend upon
the ECG characteristics, e.g., wave onset point, peaks
(maxima/minima), and oﬀset [5]. Nonﬁducial features that
are directly derived from the ﬁducial features or obtained by
segmenting the ECG signal into several parts have also been
used [6]. These features are not found good enough when
used independently for accurate classiﬁcation of ECG arrhythmia. A combination of both ﬁducial and nonﬁducial
features was used for deﬁning a biological marker for person
identiﬁcation [7, 12].
The extracted features have usually been analyzed either
in time domain or frequency domain. Some of the most
important time domain features, including RR interval, ST
segment, and T height, require identiﬁcation of key time
points within the signal [13]. An approach for heartbeat
classiﬁcation with dynamic rejection thresholds was proposed using QRS morphology, frequency information, AC
power of QRS detail coeﬃcients, and RR intervals as features
to represent ECG beats [8]. A support vector machine
(SVM) was used to classify with an improved accuracy of
97.2% and minimum rejection cost. A combination of time
and frequency information has also been used in
[9, 11, 14–16], giving better extraction of information from
a quasiperiodic ECG signal using wavelet transform, which
provides a good time and frequency resolution. Five important types of arrhythmia, namely, nonectopic, ventricular
ectopic, supraventricular ectopic, unclassiﬁable beats, and
fusion betas, were analyzed and detected in [9]. Features
were extracted using DWT, and only signiﬁcant coeﬃcients
were selected by applying independent component analysis
which in combination with neural network yielded an accuracy of 99.28%.
All methods discussed above have the following
shortcomings:
(1) Performances of most of the methods have been
tested only on smaller data sets, and there is a need to
verify their performance on larger databases
(2) Selected classes of arrhythmia have been evaluated,
and there is a need to test all arrhythmia classes
(3) The classiﬁcation accuracy on sparsely occurring
arrhythmia classes is not good
In this paper, a novel technique for ECG beat classiﬁcation of arrhythmia is proposed that considers a hybrid of
enhanced morphological and dynamic features to overcome
these shortcomings. Morphological features are obtained
using DWT on each heartbeat. The resulting features consist
of DWT approximation coeﬃcient and detail coeﬃcients at
level 4. Independent component analysis is applied on both
approximation and detail coeﬃcients independently to extract only important coeﬃcients. In addition, four types of
RR interval features are calculated to represent the dynamic

features of ECG heartbeats. Moreover, to enhance the dynamic features of ECG heartbeats corrupted with Gaussian
noise, Teager energy operator (TEO) [17] is used. All these
features are combined and fed to a neural network (NN) for
automatic classiﬁcation of heartbeats into diﬀerent arrhythmia types according to both class-oriented scheme (18
classes) and subject-oriented scheme (5 classes).
The rest of the paper is organized as follows. Firstly, the
proposed methodology is explained in detail in Section 2.
Class- and subject-oriented evaluation of the proposed
system is presented in Section 3, followed by conclusion in
Section 4.

2. Methodology
The proposed methodology is presented in Figure 1, which
consists of four major phases, namely, preprocessing,
heartbeat segmentation, feature extraction, and feature
classiﬁcation. The details of these phases are presented in the
following subsections.
2.1. ECG Signal Preprocessing. Mostly ECG signals are affected by baseline wander or power line interface (PLI).
Diﬀerent methods were introduced to remove these types of
noises from the ECG signal [18]. Experiments showed that
baseline wander signiﬁcantly aﬀects the detection of arrhythmia and makes the ECG signal analysis diﬃcult for an
expert [19]. PLI is a type of noise that occurs due to broken
electrodes, oﬀset voltages in the electrodes, movement of
patient, respiration errors, or electrode resistance while
recording the ECG signal. It is a low frequency noise and
typically exists in the frequency range of 0–0.3 Hz. For
baseline wander removal, the expected value of the signal
was subtracted from the raw ECG signal to obtain the noisefree ECG signal using
x[n] � xr [n] − μ,

(1)

where x[n] is the denoised signal, xr [n] represents the raw
ECG signal, and μ is the expected value of the raw EEG signal.
2.2. Heartbeat Segmentation. Three basic constituents of
a heart cycle are QRS complex, T wave, and P wave, termed
as ﬁducial points. The correct splitting of the ECG signal into
heartbeat segments involves recognition of borders and peak
locations of these ﬁducial points. The information about the
R-peak locations given in the dataset was used to obtain
these heartbeat segments. A single heartbeat consisted of 200
samples including the R-peak and the samples around the
peak. This segment size contained maximum information of
a single heartbeat and is shown in Figure 2.
2.3. Feature Extraction. In feature extraction, improved
features based on DWT, RR interval, and Teager energy
operator were selected, which were able to represent the
morphological and dynamic changes in the ECG signal with
more signiﬁcance.
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Figure 1: Block diagram of the proposed arrhythmia classiﬁcation scheme using hybrid features.
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2.3.2. RR Interval Features. R is a point corresponding to the
highest peak of the ECG waveform, and RR interval is the
time between the successive QRS complexes. The ECG signal
has a nonlinear dynamic behavior, and during arrhythmia,
nonlinear dynamic components change more signiﬁcantly
than the linear counterparts. RR interval is simple, easy to
calculate, and less prone to noise. Four types of RR interval
features, namely, previous-RR, post-RR, average-RR, and
local-RR interval, were derived from the RR sequence, to
characterize the dynamic features of the heartbeat. The
calculation of these features uses the following equations:
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Figure 2: Heartbeat segmentation of ECG signal from MITDB
database.

2.3.1. Discrete Wavelet Transform (DWT). Statistical features of biomedical signals usually change over position or
time. Wavelet transform oﬀers signal representation in both
time and frequency domains, which makes it capable for
analyzing quasiperiodic signals like ECG. Wavelet transform
was employed in processing of the ECG signals for feature
extraction [1], denoising [11], and heartbeat recognition
[20]. In the proposed method, DWT was used as a feature
extraction technique. After applying DWT, the ECG signal
decomposed into low-frequency approximation components and high-frequency detail components.
The most commonly used wavelets which provide orthogonality properties are Daubechies, Coiﬂets, Symlets, and
Discrete Meyer [21]. Each heartbeat was disintegrated using
the ﬁnite impulse response (FIR) approximation of the
Discrete Mayers wavelet transform. The frequency range of
fourth-level approximation subband was 011.25 Hz, and the
frequency range for fourth level detail subband was
11.2522.5 Hz. A total of 200 coeﬃcients were extracted as
wavelet features, which were processed using ICA for dimensionality reduction. Six major ICA components were
selected from each of the two DWT subbands, resulting in
a total of twelve morphological features from the two
subbands.

RRpost (i) � R(i + 1) − R(i),
RRlocal �

1 5
 RR(i),
10 i�−5

(2)

N

RRave �

RR
1
 RR(i),
NRR i�1

where i shows the location of the current R-peak and RRpre ,
RRpost , RRlocal , and RRave represent the previous, post, local,
and average RR interval, respectively. R(i) is the current
R-peak, R(i − 1) and R(i + 1) represent the previous and
post R-peaks, respectively, and NRR shows the total number
of RR intervals in an ECG segment.
2.3.3. Teager Energy Operator (TEO). An independent
analysis of RR interval does not capture the nonlinear nature
of RR interval inconsistency. TEO was utilized to represent
the nonlinear behavior of the RR interval, which is a nonlinear operator for energy tracking [17]. It measures the
instantaneous frequency, amplitude envelope, and the energy of the system that generated the signal. The energy
required by a source to generate signals with diﬀerent frequencies and same energy and amplitude would be diﬀerent.
More energy is needed to generate a high-frequency signal as
compared with a low-frequency signal. TEO reﬂects the
source energy; hence, any instability in the conduction path
and impulse generation gets revealed in the Teager energy
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function. For a discrete time signal x[n], the Teager–Kaiser
nonlinear energy (NE) and the average nonlinear energy
(ANE) in the time domain are given as
NE{x[n]} � x2 [n] − x[n − 1]x[n + 1],
ANE �

1
 NE{x[n]},
N

(3)
(4)

where N represents the total number of samples in ECG
heartbeat.
2.4. Neural Network (NN) Classiﬁer. An artiﬁcial neural
network consists of interconnected neurons which send and
receive messages between each other. These interconnections are assigned weights, which represent
a network state and are updated during the learning process.
A feedforward neural network with 10 hidden layers was
used for the classiﬁcation of arrhythmia in this study. The
network was implemented on MATLAB R2013a. The
number of neurons in each hidden layer was limited to 50,
which allowed training this network on a core-i5 CPU-based
system with a RAM of 8 GB. An activation function based on
rectiﬁed linear unit (ReLU) was used for the hidden layers,
and a sigmoid function was used at the output layer. Back
propagation with stochastic gradient decay was used for
updating the network weights. The learning rate was optimized to a value of 0.63, using grid search for accuracy and
to avoid over ﬁtting.

3. Experimental Results
The details of the dataset used and the experimental results
are presented in the following subsections.
3.1. Dataset. The MIT-BIH arrhythmia database (MITDB)
[22] and MIT-BIH supraventricular arrhythmia database
(SVDB) [23] from physionet were used for evaluation of the
performance of the proposed algorithm. The MITDB includes 48 ECG recordings of 47 subjects, whereas the SVDB
contains 78 half-hour ECG recordings. The data in SVDB
were recorded to increase the supraventricular arrhythmias
examples in MITDB. The databases contain an annotation
ﬁle with locations of the “QRS” complex and the type of the
heartbeat for each record. These class annotations for
heartbeats were exploited as reference annotations for
evaluation purpose of the proposed model.
3.2. Evaluation Strategy. Two diﬀerent types of evaluation
strategies were considered, namely, class-oriented [24] and
subject-oriented [9]. In class-oriented strategy, all signals
from both databases were segmented down using already
annotated QRS locations. The resulting segments were divided into 18 diﬀerent types of beats, namely, normal beat
(NOR “N”), atrial premature contraction (APC “A”), fusion
of ventricular and normal beat (FVN “F”), left bundle branch
block (LBBB “L”), unclassiﬁable beat (UN “Q”), premature
ventricular contraction (PVC “V”), right bundle branch

block beat (RBBB “R”), ventricular ﬂutter wave (VF “!”),
atrial escape beat (AE “e”), fusion of paced and normal beat
(FPN “f ”), nodal (junctional) premature beat (NP “J”),
isolated QRS-like artifact (—), aberrated atrial premature
beat (AP “a”), ventricular escape beat (VE “E”), nodal
(junctional) escape beat (NE “j”), nonconducted P-wave
(blocked APB “x”), paced beat (PACE “/”), and supraventricular premature beat (SP “S”).
In addition, subject-oriented strategy was also evaluated.
All 126 records from both the datasets were divided into
a similar training and testing ratio as for the class-oriented
scheme, but performance was reported according to
ANSI/AAMI EC57:1998 standard [25]. The original 18
classes of heartbeats were grouped into ﬁve bigger classes,
namely, nonectopic beats (N), ventricular ectopic beat (V),
supraventricular ectopic beat (S), unknown beat (Q), and
fusion beat (F). The mapping from the MITDB and SVDB
classes to the ANSI/AAMI heartbeat classes is presented in
Table 1.
The ECG signal from MITDB and SVDB datasets are
ﬁrst denoised to remove baseline wander. The denoised
signal was segmented into diﬀerent heartbeats of same
length (200 samples each) by using R-peak location information in the given annotations. In total, 35875 beats
form both databases (13724 from MIT-BIH arrhythmia
dataset and 22151 beats from MIT-BIH supraventricular
arrhythmia dataset) were considered. FIR approximation of
Mayers wavelet was applied on each heartbeat segment. ICA
was applied on the resulting 4th level approximation and 4th
level detail coeﬃcients independently to remove the redundancy between feature coeﬃcients. In addition, dynamic
features of the ECG signal were represented by four types of
RR interval features, and Teager energy operator was used to
represent the nonlinear dynamics of the ECG signal.
A 3-fold cross-validation method was used for training
and testing of the classiﬁer. The complete dataset (35, 875
beats) was subsampled into two sets, one having 70% of the
total samples and the other with the remaining heartbeats
from each of the classes (50% data was selected for training
from atrial escape beat (e), due to very low number of beats).
70% of total heartbeats were utilized for training purpose,
and the rest of the heartbeats were used in testing and
evaluation of the performance of the classiﬁer. The process
was repeated three times with diﬀerent heartbeats used for
training and testing. The average results of the three folds
were calculated to assess the general performance of the
proposed method. Sensitivity (Se), speciﬁcity (Sp), positive
predictive value (PPV), and accuracy (Acc) were calculated
to analyze the performance.
3.2.1. Class-Oriented Evaluation. In class-oriented evaluation scheme, a neural network was trained to predict the class
of test heartbeats among 18 diﬀerent classes of arrhythmia.
The speciﬁcity, sensitivity, and PPV of each individual class
are summarized in Table 2, which shows that the proposed
approach demonstrates a reasonable individual-class performance, showing greater speciﬁcity, good sensitivity, and
PPV. Moreover, it has given better results on classes whose
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Table 1: Mapping from MIT-BIH arrhythmia database (MITDB)/supraventricular arrhythmia database (SVDB) heartbeat classes to
ANSI/AAMI heartbeat classes.
AAMI classes
Nonectopic beat (N)
Supraventricular ectopic beat (S)
Ventricular ectopic beat (V)
Fusion beat (F)
Unknown beat (Q)

MITDB/SVDB classes
NOR, LBBB, RBBB, AE, NE
APC, AP, APB, NP, SP
PVC, VE, VF
F
UN, FPN, PACE, ∣

Total
30929
1538
2035
14
1329

Table 2: A summary of performance analysis of the proposed method on each arrhythmia class in the “class-oriented” scheme.
Heartbeat type
Normal beat (NOR)
Atrial premature contraction
Fusion of ventricular and normal beat
Left bundle branch block (LBBB)
Unclassiﬁable beat (UN)
Right bundle branch block beat (RBBB)
Premature ventricular contraction (PVC)
Ventricular ﬂutter wave (VF)
Aberrated atrial premature beat (AP)
Nodal (junctional) premature beat (NP)
Atrial escape beat (AE)
Fusion of paced and normal beat (FPN)
Isolated QRS-like artifact (Iso)
Ventricular escape beat (VE)
Nodal (junctional) escape beat
Paced beat (PACE)
Nonconducted P-wave (blocked APB)
Supraventricular premature beat (SP)
Average

Sp
100
100
100
100
100
99.8
100
100
100
100
100
100
99.9
100
99.9
99.9
100
100
99.9

Fold I
Se PPV
100 99.8
97 100
100 100
97.5 100
100 100
99.4 99.4
99.1 99.6
100 100
100 100
92.6 100
100 100
100 100
100 97.2
100 100
100 95
100 99.2
100 100
100 100
99.9 99.4

Acc
99.4
100
100
100
100
99.7
99.7
100
100
100
100
100
100
100
100
100
100
100
99.9

presence was low like “Q,” “e,” and “x.” The performance
evaluation measures are shown for all three folds in Table 2,
where the best accuracy achieved was 99.9%. In addition,
98.7% average sensitivity, 99.9% average speciﬁcity, 99.8%
average PPV, and 99.75% overall accuracy were achieved. The
confusion matrix is presented in Table 3, which shows the
correctly classiﬁed and misclassiﬁed arrhythmia classes.
A comparison of the classiﬁcation accuracy of the
proposed approach and state-of-the-art methods based on
class-oriented strategy is presented in Table 4. An improvement in accuracy with increased number of classes and
reduced feature dimension is observed. In addition, other
performance parameters such as sensitivity, speciﬁcity, and
PPV have also shown improvement. These results depict that
the proposed method is more generalized and computationally eﬃcient for arrhythmia classiﬁcation. An assessment
based solely on “class-oriented” scheme is not a faithful
measure for the performance analysis of a real-time
heartbeat classiﬁcation system. The performance of the
subject-oriented scheme is also analyzed for practical
evaluation.
3.2.2. Subject-Oriented Evaluation. In subject-oriented
scheme, results have reported according to the ANSI/
AAMI standard. The speciﬁcity, sensitivity, PPV and

Sp
100
100
100
100
100
99.9
100
100
100
100
100
99.9
99.9
99.9
99.9
100
100
100
99.9

Fold II
Se PPV
100 99.9
96.5 100
100 100
97 100
100 100
99.2 99.4
99.2 99.6
100 100
100 100
92.8 100
100 100
100 100
100 98.1
100 95.2
100 97.5
100 100
100 100
100 100
99.3 99.4

Acc
99.7
100
92.7
99.3
100
99.4
99.5
100
100
100
100
100
100
100
100
100
100
100
99.3

Sp
99.8
100
100
100
100
99.9
100
100
100
100
100
100
99.9
99.9
100
99.9
100
100
99.9

Fold III
Se PPV
100 99.7
97.5 100
100 100
96.5 100
100 100
99.3 99.4
99.3 99.6
100 100
100 100
92.7 100
100 100
100 100
99.1 99.1
100 98.5
100 100
100 99.6
100 100
100 100
99.9 99.8

Acc
99.7
100
100
100
100
99.4
99.6
100
100
100
100
100
99.1
100
100
100
100
100
99.9

Sp
99.9
100
100
100
100
99.8
100
100
100
100
100
100
99.9
100
100
100
100
100
99.9

Average
Se PPV
100 99.8
97 100
100 100
97 100
100 100
99.3 99.4
99.2 99.6
100 100
100 100
92.8 100
100 100
100 100
98.1 98.1
95.2 100
100 100
99.2 100
100 100
99.4 100
98.7 99.8

Acc
99.6
100
97.5
99.7
100
99.5
99.6
100
100
100
100
100
99.5
100
100
100
100
100
99.75

accuracy of each individual class in ANSI/AAMI standard is
shown in Table 5. The hybrid feature approach demonstrated
reasonable individual-class performances, showing greater
speciﬁcity, good sensitivity, positive PPV, and accuracy for
all classes. The fusion beats showed lower PPV in Fold II,
which can be attributed to smaller number of beats in this
class. The peak accuracy achieved was 99.9% with 99.7%
average sensitivity, 99.9% average speciﬁcity, 99.1% of average PPV, and 99.8% average accuracy. Table 6 shows the
confusion matrix depicting an improved performance on all
classes with an average accuracy of 99.8%. A comparative
analysis is presented in Table 7 with state-of-the-art techniques for subject-oriented classiﬁcation. A signiﬁcant improvement is observed, when taking this fact into account
that 18 arrhythmia classes were classiﬁed. The comparison is
reported for methods using the MIT-BIH data for adding
credence to the results.

4. Conclusion
In this paper, a new technique for automatic heartbeat
classiﬁcation of all types of arrhythmia was presented. An
improved hybrid feature representation of heartbeat segments was used based on a mixture of a set of derived
morphological and dynamic features. The classiﬁcation was
done using twelve ICA projection coeﬃcients computed
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Table 3: Confusion matrix for the proposed method using a neural network based classiﬁer (class-oriented scheme).

Predicted labels
Actual labels
N
A
F
L
Q
R
V
!
a
J
e
f
—
E
j
/
x
S

N

A

F

L

Q

R

V

!

a

J

E

f

—

E

J

/

X

S

8656
2
0
8
0
2
4
0
0
1
0
0
0
1
0
0
0
0

0
65
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

0
0
14
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

0
0
0
260
0
0
0
0
0
0
0
0
0
0
0
0
0
0

0
0
0
0
5
0
0
0
0
0
0
0
0
0
0
0
0
0

0
0
0
0
0
314
0
0
0
0
0
0
2
0
0
0
0
0

0
0
0
0
0
0
564
0
0
0
0
0
0
0
0
0
0
2

0
0
0
0
0
0
0
21
0
0
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
1
0
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
13
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
1
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0
33
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0
0
105
0
0
2
0
0

0
0
0
0
0
0
0
0
0
0
0
0
0
20
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0
0
0
0
40
0
0
0

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
254
0
0

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
2
0

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
376

Speciﬁcity
99.9
—
—
98.8
99.44
100
95.19
99.87
—

PPV
99.8
—
—
90.6
—
—
—
98
81.4

Table 4: Comparison of the proposed scheme with state-of-the-art methods using class-oriented scheme.
Proposed
Zidelmal et al. [8]
Ye et al. [11]
Ebrahimzadeh et al. [4]
Pathoumvanh et al. [24]
Rabee and Barhumi [26]
Alajlan et al. [27]
de Oliveira et al. [14]
Li et al. [19]

Features
DWT + RR + TEO
Frequency content + RR + QRS
WT + ICA + RR
HOS + timing interval
DCT
Multi resolution WT
HOS of 2nd-order-cumulant
Waveform + RR
Timing interval + waveform amplitude

Dimension
17
13
18
24
5
251
604
—
—

Classes
18
2
16
5
5
14
2
2
2

Accuracy
99.75
97.2
99.3
95.18
99.11
99.2
94.96
95
98.2

Sensitivity
98.7
99
91.3
95.61
97.01
96.2
92.19
95
93.1

Table 5: Performance of the proposed method on each arrhythmia class in the “subject-oriented” scheme.
Fold I
Heartbeat type
Sp
Se PPV
Nonectopic beats (N)
99.9 100 94.2
Supraventricular ectopic beats (S) 100 99.8 100
Ventricular ectopic beats (V)
100 99.6 100
Fusion beats (F)
99.9 100 99.9
Unclassiﬁable beats (Q)
100 99.6 100
Average
99.9 99.8 98.8

Acc
100
100
100
100
99.8
99.9

Sp
99.7
99.9
100
99.9
100
99.9

Table 6: Confusion matrix for Fold II using NN (subject-oriented
scheme).
Predicted labels
Actual labels
N
S
V
F
Q

N

S

V

F

Q

9280
1
2
0
2

1
458
0
0
0

0
0
604
0
0

0
1
0
14
0

0
0
0
0
398

Fold II
Se PPV
99.9 99.8
100 99.8
99.5 100
100 92.8
99.4 100
99.7 99.6

Acc
99.9
100
99.9
98.9
100
97.7

Sp
100
100
100
99.9
100
99.9

Fold III
Se PPV
100 99.8
99.9 100
99.7 100
100 100
99.5 100
99.8 99.9

Acc
100
100
100
100
99.7
99.9

Sp
99.9
99.9
100
99.9
100
99.9

Average
Se PPV
99.9 97.9
99.6 99.9
99.6 100
100 97.6
99.5 100
99.7 99.1

Acc
99.9
100
99.9
99.6
99.8
99.8

from the DWT features, plus four RR interval features, and
Teager energy value. Two types of evaluation schemes, classand subject-oriented, were implemented for analyzing the
system. On the standard benchmark of MIT-BIH arrhythmia database and MIT-BIH supraventricular arrhythmia
database, an average accuracy of 99.75% with a peak accuracy in a single fold of 99.9% in the class-oriented evaluation was achieved. An accuracy of 99.8% in the subjectoriented evaluation was achieved. In future, an automatic
patient customization scheme will be considered, allowing
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Table 7: Comparison of the proposed scheme with state-of-the-art methods using subject-oriented scheme.
Proposed
Ye et al. [11]
Martis et al. [9]
Mar et al. [15]
de Lannoy et al. [5]

Features
DWT + RR interval + TEO
WT + ICA + RR
DWT + ICA
RR interval series and WT
Waveform + HOS + RR

Dimensions
17
18
12
—
249

the heartbeat classiﬁcation method to be able to adjust to
individual physiological features using wearable sensors.
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The carotid bifurcation tends to develop atherosclerotic stenoses which might interfere with cerebral blood supply. In cases of
arterial blockage, the common clinical solution is to remove the plaque via carotid endarterectomy (CEA) surgery. Artery closure
after surgery using primary closures along the cutting edge might lead to artery narrowing and restrict blood ﬂow. An alternative
approach is patch angioplasty which takes longer time and leads to more during-surgery complications. The present study uses
numerical methods with ﬂuid-structure interaction (FSI) to explore and compare the two solutions in terms of hemodynamics
and stress and strain ﬁelds developed in the artery wall.

1. Introduction
The carotid bifurcation tends to develop atherosclerotic
stenosis, which might interfere with cerebral blood supply
and can cause coma, hemodynamic disturbance, stroke, and
even death. The common clinical solution is to remove the
plaque via carotid endarterectomy (CEA) surgery [1], with
approximately 100,000 CEAs performed in the United States
each year [2–4]. There are few approaches for postsurgery
closure [5], and the preferred closure technique still remains
an issue of debate [6, 7].
The CEA procedure often associated with intimal
hyperplasia [8] or progression of atherosclerosis in the
zone of arterial reconstructions [9], attributed to the
inﬂammatory process due to foreign materials in vascular
reconstruction [10].
A regular suture (primary closure) is the simplest way
to close an arteriotomy, which leads to smaller artery diameter and increased stiﬀness of the structure. Therefore,
routine use of patch graft has been advocated to reduce
restenosis, stroke, and death [11, 12]. Patch angioplasty
reduces the risk of immediate postoperative complications,
results in a larger carotid artery diameter, and signiﬁcantly
lowers vessel restenosis and occlusion rates [13], especially
in women [14].

However, the procedure of patch suturing takes longer
and thus might increase the risk of stroke and death during
surgery. Moreover, a concern is raised about the thrombogenic nature of the conventionally used patches and their
protective eﬀect, particularly from late restenosis [15]. Patch
angioplasty has also been associated with speciﬁc complications, such as patch rupture or expansion and increased
risk of infection [16]. In addition, carotid patch was shown to
promote irregular neointimal lining with prominent proliferative activity [17].
According to a statistical study by Mannheim et al. [18],
a 2-year restenosis-free rate is 97.6% for patch angioplasty vs.
90.9% for primary closure. Nevertheless, overall mortality or
morbidity is similar for all closure procedures [13, 19, 20].
Therefore, the use of patch grafts today is targeted selectively
only to patients who have very small (<4 mm) or highly
constricted and tortuous vessels [7, 20].
There are several types of patches such as prosthetic
patches (woven Dacron or PTFE), venous patches, and
biomaterial patches (bovine pericardium) [6, 21]. Vein patch
is considered the preferred one, thanks to its high compliance and biocompatibility [14]; its main disadvantage is
the need for an additional incision to obtain it and occasional deterioration with aneurysmal dilatation and rupture [16]. The advantages of prosthetic patches include
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immediate availability, avoidance of additional incision, and
preservation of vein for future use in other cardiovascular
operations. The main shortcomings of the prosthetic patches
are higher thrombogenicity, increased risk for infection [22],
and higher risks for infections [6]. Bovine pericardium
patches recently proved high durability and better long-term
survival rates, compared to the other patches [23]. Overall,
despite the preference of using biological patches, the clinical
results with most available synthetic patches are currently
similar enough to prevent clear recommendation of any
particular one [6].
Some studies used computational ﬂuid dynamics (CFD)
to investigate the blood ﬂow regime in the post-CEA region
in patient-speciﬁc geometries. Harrison et al. [24] showed
that incorporation of a patch indeed increases the artery
diameter, but it results with larger areas of low-wall shear
stress (WSS) and high-oscillatory shear index (OSI) at the
bifurcation, and therefore, its beneﬁt is questionable. Similarly, Guerciotti et al. [25] and Domanin et al. [26] also
analyzed WSS, vorticity, time-averaged OSI, and relative
residence time (RRT). According to all these studies, cases
with primary suture resulted with better hemodynamic
parameters and smaller areas of disturbed ﬂow in comparison with patch graft cases. Especially, OSI and RRT
values were generally higher in patch graft cases with respect
to primary closure, especially for high carotids or when the
arteriotomy is mainly at the bulb region.
Although these studies discussed the eﬀect of the closing
approach on blood ﬂow hemodynamics to support the
clinical decision and to provide a hemodynamic insight into
the patch complications, they neglected the biomechanical
eﬀect on the arterial tissue and the artiﬁcial graft. Excessive
stress and cyclic strains are correlated to risk of patch
rapture, aneurysms, wall injury, restenosis, irregular neointimal lining [27]. Kamenskiy et al. [22] used ﬂuid-structure
interaction (FSI) numerical simulations to explore tissue
strain and stress in addition to WSS parameters for models
with diﬀerent patch types, widths, and location. In their
study, they showed that narrow patches are superior to wide
patches, and anterior arteriotomy are superior to lateral
arteriotomy.
As far as we know, no study examined the biomechanical
aspects of patch angioplasty in comparison to primary suture. In this study, we use FSI numerical models in order to
examine the hemodynamics and biomechanical aspects of
the patch procedure in comparison with primary suture.

2. Methods
2.1. Cases Studied and Models Geometry. The research study
used FSI numerical simulations to explore blood ﬂows and
wall dynamics in ﬁve diﬀerent models of the carotid artery
region. The examined cases are listed in Table 1.
The geometric speciﬁcations of healthy and postsurgery
bifurcation models were based on data speciﬁed by Tada and
Tarbell [28] and Halak et al. [29]. The geometries were
idealized to represent a typical model within the framework
of the anatomy variance. Geometry dimensions are shown in
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Case#1
Case#2

Case#3

Case#4

Case#5

Table 1: Cases studied.
A healthy carotid bifurcation: a time-dependent
simulation of the coupled domains
A narrowed postoperation carotid bifurcation with
a suture: a time-dependent simulation of the coupled
domains
A widened carotid bifurcation with a high ﬂexibility
patch: a time-dependent simulation of the coupled
domains
A widened carotid bifurcation with a medium
ﬂexibility patch: a time-dependent simulation of the
coupled domains
A widened carotid bifurcation with a low ﬂexibility
patch: a time-dependent simulation of the coupled
domains

Figure 1 and detailed in Table 2. The ﬂuid and the structural
domains of the model are shown in Figure 2.

2.2. Mathematical Model. Blood was assumed homogenous
and Newtonian ﬂuid with viscosity of µ � 0.0035 gr/cm·s and
density of ρ � 1.05 g/cm3. The ﬂow was assumed laminar,
and the arterial wall was assumed linearly elastic with an
elasticity of E � 5 × 106 dyn/cm2 and Poisson’s ratio of ] �
0.499 [30]. Small displacement/small-strain formulation was
assumed. Patches and suture parameters are listed in Table 3.
The ﬂow and pressure ﬁelds in the ﬂuid domain (Ωf )
were calculated by solving the governing equations for the
ﬂuid domain for laminar, Newtonian, and incompressible
ﬂow in a nongravity ﬁeld:
∇ · Uf � 0,
⎪
⎫
⎪
⎪
⎪
⎬
in Ωf , (1)
⎪
⎪
zUf
⎪
ρf 
+ Uf · ∇Uf  � −∇P + μ · ∇2 Uf , ⎪
⎭
zt
where P is the static pressure, Uf is the velocity vector, t is the
time, ρf is the ﬂuid density, and μ is the dynamic viscosity.
The governing equation for the solid domain (Ωs ) is the
Lagrangian momentum conservation equation:
ρs

z2 ds
− ∇σs � f
zt2

in Ωs ,

(2)

where σs is the Cauchy stress tensor, ds is the vector of
structure displacement, ρs is the wall density, and f represents the body force applied on the structure.
We used artiﬁcial boundary conditions (BC) [22, 31] for
the ﬂuid domain as follows. Prescribed velocity conditions
 (U · n) dA � Q(t) were imposed at the ICA and the ECA
outlets (marked as ΓICA
and ΓECA
in Figure 2), reﬂecting
f
f
a typical physiological waveform [30] of a normal healthy
human with a heart rate of 60 bpm, as shown in Figure 3. At
the CCA inlet (Γin
f ), stress free conditions were employed,
thus the CCA ﬂow was achieved from mass conservation. In
addition, a typical physiological time-dependent pressure
was imposed, as shown in Figure 4, based on a systolic/diastolic pressure of 120/80 mmHg:
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Figure 1: Geometry of the artery bifurcation.

Table 2: Geometric dimensions of the bifurcation models.
Dimension

Labels in Figure 1

CCA internal diameter
Max. bulb internal diameter
Max. bulb location
Bulb length
ICE internal diameter
ECA internal diameter
Wall thickness
Patch width
Patch length
Patch thickness
ICA bifurcation
ECA bifurcation

Value (mm)
Suture

Healthy
6.6
7.8
7.7
16.0
5.0
4.7
0.7

a
b
c
d
e
f
g
h
i

0.7
25°
25°

θ1
θ2

Fluid domain [Ωf]

ΓsCCA

Γin
f

Patch

7.0

8.4

0.7

8.0
18.0
0.7

Structural domain [Ωs]

Γw
f

Γsw_in

Γsw_out

Γsw_out

Γw
f
Γw
f

ΓICA
f

ΓECA
f

Γsw_in

`
ΓsICA

ΓsECA

Figure 2: The ﬂuid (Ωf ) and Structural (Ωs ) domains and the corresponding boundary conditions (speciﬁed in Equations (1)–(3)).
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Table 3: Material properties.
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Figure 3: Time-dependent ﬂow at the three arteries outlets (CCA, ICA, and ECA) [30].
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Figure 4: Imposed arterial pressure as a function of time [30].

n · τf � 0, P � P(t)

on Γin
f ,

(3)

where n · τf are the normal stresses to the surface. BC on the
structural domains were ﬁxed (d_ s � 0) at the edges
_
ΓCCA
, ΓECA
, and ΓICA
s
s
s , and stress-free conditions (zds /zn � 0)
were set at the outer faces Γw_out
.
s
The BC at the FSI interfaces (Γwf and Γw_in
) states that (i)
s
displacements of the ﬂuid and solid domain must be
compatible, (ii) tractions at these boundaries must be at
equilibrium, and (iii) ﬂuid obeys the no-slip\no-penetration
conditions. These conditions are given in the following
equations:
⎫
df � ds , Uf � d_ s , ⎬
⎭
n · τf � n · σs ,

,
on Γwf and Γw_in
s

(4)

where σs , τf , ds , and df are the wall structure, ﬂuid stress
tensors, and wall displacement, respectively.
2.3. Numerical Model. The simulations used the commercial
package ADINA (ADINA R&D, Inc., v. 9.0.0) to solve

numerically the governing diﬀerential equations (Equations
(1) and (2)) using the ﬁnite elements method (FEM).
The ﬂuid domain (Ωf ) was meshed using 3D 1st order
tetrahedral elements, and the structural domain was meshed
using triangular 3D 2nd order tetrahedral elements. Several
mesh and time-step independence tests were conducted,
where the simulations results obtained from several numerical models with diﬀerent mesh and time steps were
compared (Appendix). Based on these tests, the numerical
model selected was with ∼100,000 ﬂuid elements and
∼20,000 structural elements. Each cardiac cycle consisted of
28 time steps of 0.035 sec, and the automatic-time-stepping
procedure was used to subdivide the load-step increment
when necessary. Three cardiac cycles were computed to
obtain results independent of the initial conditions. The
results of the third calculated cycle were fully periodic.
Convergence is achieved when all mass, velocity component,
and energy changes, from iteration to iteration, achieved are
less than 10−5 root-mean-square error (RMSE).
The three mesh models (of the healthy, suture, and patch)
are shown in Figure 5. The suture or the patch elements
(marked in red in the ﬁgure) were fully connected to the
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(a)
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(b)
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Figure 5: Mesh models of the healthy artery (a), suture (b), and patch (c).

arterial elements (marked in green). In the suture model, 817
elements were deﬁned as suture, and in the patch models,
5790 elements were deﬁned as patches. The suture or the
patch elements were deﬁned as fully connected to the arterial
elements.
The ADINA iterative solver was used for the FSI coupling
[32]. The ﬂuid and the structure solvers were solved iteratively
until convergence was reached or until it reached 150 iterations. The FSI algorithm included models of linear wall
displacements and strains. In order to control the moving
mesh under deformations of the ﬂow domains, the arbitrary
Lagrangian-Eulerian (ALE) approach was deﬁned on geometric entities. The ALE approach integrates the Eulerian
description of the ﬂuid domain with the Lagrangian formulation of the moving mesh using curvature correction
[32, 33]. The Newton–Raphson method was used to solve the
nodal matrices [34, 35]. A ﬁrst-order Euler backward implicit
time integration method was used for the time marching.
2.4. Examined Parameters. The simulations examined several hemodynamic and biomechanical parameters in order
to address the eﬀect of the patch or primary suture in the
carotid bifurcation, including eﬀective stress, ﬂow patterns,
time-averaged WSS (TAWSS), and OSI. These parameters
are known as critical factors in artery occlusion and
thrombosis [36].
Wall stresses of the arterial tissue and artiﬁcial graft were
calculated as the product of blood viscosity and the local
velocity gradient in the direction of local surface normal (n):
zu
(5)
τw � μ .
zn
TAWSS and OSI were calculated according to Equations
(6) and (7):
TAWSS �

1 T  
 τ  dt,
T 0 w

(6)

T

 τw dt ⎞
⎟
⎜
⎛
⎟
⎜
⎟
⎜
0
⎟
⎟
⎜
OSI � 0.5⎜
1
−
⎟
⎜
⎟,
⎜
T 
⎝
  ⎠
 τw  dt

(7)

0

where τw represents the instantaneous WSS vector and T
represents the period of the cardiac cycle.

3. Results
3.1. Structural Results. Eﬀective stresses at the wall were
calculated at each point according to von Mises criteria. In
all cases, elevated eﬀective stresses were found at the bifurcation origin and bifurcation junction (Figures 6 and 7).
In the suture and patches with medium and low ﬂexibility
cases, there were higher eﬀective stresses (with values above
70 kPA) along the sutures. For the case with high ﬂexibility
patch, stress distribution resembled the values of healthy
case.

4. Results of Fluid
Figure 8 presents midplane velocity vectors in a magniﬁed
view of the bulb for the ﬁve models after peak ﬂow at the
time t � 0.385 sec. In all ﬁve cases, a recirculation zone
appears in the outer side of the bifurcation bulb. In the
healthy case, the recirculation zone is small and most of the
ﬂow is unidirectional. In the model of the primary suture,
the smaller diameter leads to a sustained velocity stream
leaving room to a narrow vortex with less recirculation. In
the patch model, although the diameter bulb is wide and the
ﬂow has plenty of room, the larger diameter promotes a large
vortex that takes over almost the whole bulb space, which
interferes with the axial ﬂow stream.
Figure 9 presents time-averaged wall shear stress
(TAWSS), and Figure 10 presents the oscillatory shear index
(OSI) distribution in the ﬁve models. Lower TAWSS and
higher OSI values were present mostly in the bulb area, and
low values of TAWSS and high values of OSI were rarely
found in the primary suture case (in respect with the other
cases) because of the smaller diameter in the bulb area.

5. Discussion
High-concentration stresses are found in the suture and lowﬂexibility patch cases (Figures 6 and 7). The stress concentrations are a result of the discontinuity of the material
property of the patch and suture from the arterial wall. Higheﬀective stress values are also found at the bifurcation
junction. The values (in the range of 0.5–70 kPa) are in
agreement with values reported by Kamenskiy et al. [22].
Concentration of stresses on the artiﬁcial graft might imply
a higher risk of rupture. High stresses at the arterial wall
might lead to atherosclerosis and neointima growth [37–39].
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Figure 6: Eﬀective stresses—top view in healthy artery (a), suture (b), high ﬂexibility patch (c), medium ﬂexibility patch (d), and low
ﬂexibility patch (e).

When there is stress concentration over a larger area (like in
the low ﬂexibility patch), the chances of developing restenosis are larger. The high ﬂexibility patch resulted in lower
stresses (>35 kPa), both at the artiﬁcial graft and the arterial
wall. Therefore, in speciﬁc cases, when it is decided to prefer
a patch over a suture in patients with relatively small arteries,
high ﬂexibility patch (such as vein or bovine patch) should
result in lower risk for stress-induced restenosis because its
properties resemble those of the artery. However, they have
a larger risk of forming an aneurysm. Ultimately, the primary suture exhibits eﬀective stress distribution in the artery
similar to the healthy artery, indicating that, from our study,
the primary suture has less potential eﬀect on the arterial
tissue.
From examination of ﬂow patterns in the diﬀerent
models (Figure 8), we conclude that some vortical ﬂow
patterns are found in all cases but in diﬀerent sizes. In
a primary suture model, the ﬂow in the bulb is mostly
unidirectional and only a negligible vortex is found. In the
patch and in the healthy models, the large diameter bulb
promotes a large vortex that dominants the ﬂow. According
to Gimbrone et al. [40], vortices and disruptions in the ﬂow
are factors that cause a decrease in endothelial function and
eventually might increase risk for stenosis or other vascular
diseases. In addition, these vortices might disturb the ﬂow
and lead to thrombus formation and thus increase the risk
for stroke.
The results of TAWSS (Figure 9) and OSI (Figure 10)
reveal that WSS values in the bulb region are similar to the
healthy case and the patches cases, while in the suture case,
the values are higher. It can be concluded that bulb diameter
is the cause for variations in WSS. In regions with larger
diameter, the velocities are smaller, and therefore, WSS are
smaller and OSI are higher. Low WSS and high OSI are

correlated with plaque deposition, artery occlusion, and
endothelium dysfunction [41]. Therefore, from our study,
the suture case which has higher WSS and lower OSI is also
preferred by this parameter. These results agree with
Domanin et al. [26] that showed higher values of OSI and
RRT in patch graft vs. direct suture cases in patient-speciﬁc
simulations, and with Kamenskiy et al. [22] that showed that
artery with a narrow patch showed signiﬁcant improvement
in hemodynamics in comparison with wider patches.
The inﬂuence of ﬂuid shear forces on structure dynamics
is relatively small. WSS is negligible (<70 dyn/cm2) compared to the eﬀected stresses due to hydrostatic pressure
(<70,000 dyn/cm2). Therefore, when a simpliﬁed simulation
is needed for estimation of local eﬀective stresses, it may be
valid to consider the structural domain separately from the
ﬂuid domain.
The study assumes a relatively simpliﬁed model of
a speciﬁc anatomy, with linearly elastic material and
Newtonian ﬂuid, and does not consider possible physiological or anatomic variations between healthy and postCEA [29]. The actual values are highly geometry-dependent
and therefore, patient-speciﬁc. Moreover, in reality, during
the CEA procedure, a part of the media layer is removed,
with only adventitia layer remaining. This might further
increase the eﬀective stress in the bifurcation wall in relation
with the healthy case and increase the risk for rapture or
aneurysm. In addition, the results and conclusions discuss
only the mechanical aspects and did not take the clinical
aspect as argument.
Another limitation relates to the time and space discretization parameters. Note that a time-step interval of
0.035 sec is relatively elevated, in respect of systolic interval (of
0.4 sec), and may limit capturing the systolic ﬂuid dynamics.
To minimize this limitation, an automatic-time-stepping
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Figure 7: Eﬀective stresses—cut view in healthy artery (a), suture (b), high ﬂexibility patch (c), medium ﬂexibility patch (d), and low
ﬂexibility patch (e).
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Figure 8: Velocity vectors—magniﬁed view in healthy artery (a), suture (b), high ﬂexibility patch (c), medium ﬂexibility patch (d), and low
ﬂexibility patch (e).
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Figure 9: Time-averaged WSS in healthy artery (a), suture (b), high ﬂexibility patch (c), medium ﬂexibility patch (d), and low ﬂexibility
patch (e).
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Figure 10: OSI in healthy artery (a), suture (b), high ﬂexibility patch (c), medium ﬂexibility patch (d), and low ﬂexibility patch (e).

procedure was used to subdivide the load-step increment
when necessary. According to our mesh and time discretization reﬁnement studies (Appendix), the discretization
errors in the calculation of WSS are up to 10%.
However, the model results are in agreement with
clinical and previous studies [25, 26, 42], and the comparative results between the diﬀerent models are clear and
distinct. Most guidelines suggest to prefer primary suture for
narrow ICA (>4 mm), and the current model assumes ICA
with 5 mm, showing preferred performance with primary
patch. This study may delineate the dominant parameters
aﬀecting the combined hemodynamic and biomechanics of
the patches versus suture approach. Thus, its results may

shed a light on the controversy between physicians regarding
the preferred approach and explain the reason for the
nonsigniﬁcant advantage of the patch procedure in CEA.

6. Conclusion
In this manuscript, we examined the biomechanical aspects
of patch angioplasty in comparison with primary suture. The
examined parameters included elevated stress, in addition to
the previously examined hemodynamic (WSS) parameters.
Based on our results of elevated stress and OSI values and
low TAWSS values, primary suture has shown better
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performance in our study than patch, and the high ﬂexibility
patch has shown better performance compared to lower
ﬂexibility patch.
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Appendix
A. Model Validation
A.1. Time-Step Independence Tests. Mesh and time-step independence tests were conducted to validate the numerical
model. To evaluate the optimal time-step size for the transient
simulations, FSI simulations of the healthy case with the mesh
of 100,000 elements were performed using 28 steps of
0.035 sec and 98 steps of 0.01 sec. The resulted maximal values
in the domains for the two cases are detailed in Table 4.
To evaluate the discretization error, we calculated the
relative diﬀerence (ERR) between the maximal value in the
course and the ﬁne time resolution, as follows:
ERRi (%) � 

(X)fine −(X)course
 ∗ 100(%),
(X)fine

(A.1)

where X is the maximal value in the domain (velocity and
shear stress in the ﬂuid domain and eﬀective stress in the
structural domain). The resulted errors are detailed in the
table. The results show that the time step of dt � 0.035 sec is
suﬃcient, with ERR < 2% in the three critical parameters.
Therefore, for the transient analyses in this study, 28 steps
were set per cycle.
Note that only maximum values were examined (in
space and time), thus instantaneous diﬀerences at a given
instance (e.g., systole) were not examined. Note that this
time-step interval is relatively elevated, in respect of systolic
interval (of 0.4 sec), and may limit capturing the systolic
ﬂuid dynamics. To minimize this limitation, an automatictime-stepping procedure was used to subdivide the load-step
increment when necessary.
A.2. Mesh Independence Tests. To evaluate the optimal mesh
resolution, three models of the healthy base case with different mesh resolutions were built (with 50,000–500,000
elements). The models were simulated during a period of one
cardiac cycle, each with 28 time steps. The resulted maximal
values in the domains of each model mesh are listed in

9
Table 4: Resulted values with diﬀerent time steps (error in % is
indicated in parentheses).
Time step (sec)
Max. velocity magnitude (cm/s)
Max. shear stress (dyn/cm2)
Max. eﬀective stress (dyn/cm2)

0.035
58.5 (1.8%)
122.1 (1.7%)
2.12 × 107(1.8%)

0.01
59.5
124.2
2.15 × 107

Table 5: Maximum values for diﬀerent mesh resolutions (error in
% is indicated in parentheses).
No. of elements
Max. velocity
magnitude (cm/s)
Max. shear stress
(dyn/cm2)
Max. eﬀective stress
(dyn/cm2)

51,544

100,268

484,401

57.5 (5.7%)

58.5 (2.7%)

60.1

94.7 (28.1%) 122.1 (3.5%)

126.4

7

1.64 × 10
(28.9%)

2.12 × 10
(8.5%)

7

2.21 × 107

Table 5, together with their error relative to the ﬁnest mesh
(Equation (A.1)). Based on these results, mesh resolutions of
100,000 elements were found suitable for our model with
ERR ≤ 10% of the ﬁnest mesh.
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The clarity improvement and the noise suppression of digital subtraction angiography (DSA) images are very important.
However, the common methods are very complicated. An image time-domain integration method is proposed in this study,
which is based on the blood ﬂow periodicity. In this method, the images of the ﬁrst cardiac cycle after the injection of the
contrast agent are integrated to obtain the time-domain integration image. This method can be used independently or as
a postprocessing method of the denoising method on the signal image. The experimental results on DSA data from an aortic
dissection patient show that the image time-domain integration method is eﬃcient in image denoising and enhancement,
which also has a good real-time performance. This method can also be used to improve the denoising and image enhancement
eﬀect of some common models.

1. Introduction
Circulatory system diseases, such as aortic dissection, have
been the focus of medical research [1, 2] for their dangerousness and high incidence. Improving the clarity of the
captured medical image helps us to diagnose more accurately, which is an important research ﬁeld.
Digital subtraction angiography (DSA), as a real-time
approach, is commonly employed in the clinical diagnosis
of circulatory system disease [3, 4], especially in the realtime surgical monitoring and the medical examination
among small branches of blood vessels which are diﬃcult to
be measured by other methods. In order to protect the
patient, it is important to shorten the shooting time and to
reduce the dosage of contrast media when capturing the
images.
A lot of image denoising methods have been proposed
in recent years, but they are all problematic when applied to
the DSA images. For example, the image reconstruction

method based on the level set theory [5], wavelet decomposition and reconstruction method [6, 7], Bayesian
method [8], and image denoising method based on anisotropic diﬀusion [9] generally need a long operation time,
which cannot meet the real-time requirements of DSA
image processing. Moreover, images processed by these
approaches are usually not clear enough to show the details
such as edges and textures. In 2004, Candes et al. [10]
proposed an image denoising method based on the sparse
decomposition. On this basis, Needell and Vershynin [11]
proposed the regularized orthogonal matching pursuit
(ROMP) method; Scholeﬁeld and Dragotti [12] used
a sparse quadtree decomposition representation to remove
the noise in images; Adler et al. employed the shrinkage
learning approach to acquire the high-resolution reconstruction image [13–17]. However, the operation of
these approaches is also very complicated. Therefore, it is
necessary to ﬁnd an image processing method which is
more suitable for the real-time analysis of DSA images.
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In this work, an image time-domain integration method
based on blood ﬂow periodicity has been proposed. In this
algorithm, the DSA images of the ﬁrst cardiac cycle after the
injection of the contrast agent are extracted denoised by the
wavelet reconstruction method ﬁrstly, and then these images
are integrated to obtain the time-domain integration image,
which is named after the TDI image in this paper. This
method contributes to the diagnosis of circulatory system
diseases.

2. Materials and Methods
2.1. The Noise Model. The theoretical gray-scale wj(x0 , y0 )
at a certain pixel (x0 , y0 ) on the j-th frame of DSA images
can be obtained from the following equation by the
Lambert–Beer law [18, 19]:
Ij x0 , y0 
wj x0 , y0  � −ln

I0 x 0 , y 0 
−k×C

⎝e
� −ln⎛

c Vj dV

Vj (x0 ,y0 )

⎠ � k × N x , y ,
⎞
j
0 0
(1a)

where I0 and Ir are the X-ray transmission amount
before and after the addition of the contrast agent, respectively. Vj (x0 , y0 ) is the volume of blood vessels at pixel
(x0 , y0 ). Nj(x0 , y0 ) and c(Vj ) are the number and amount
of substance concentration of contrast agent particles
at pixel (x0 , y0 ), respectively. k donates the absorption
coeﬃcient.
The image quality degrades in the original DSA image,
as a result of the limitations on the imaging system’s
resolution and the inﬂuence of additive noise such as
Gaussian noise, which is donated by wj and can be
expressed in as follows [6]:
Wj � wj ∗ hj + nj ,

(1b)

where hj and nj represent the point spread function and the
additive noise, respectively. Operator “∗” is the convolution
operator. Equation (1b) can be rewritten to matrix form
using the block Toeplitz matrix Hj , as shown in the following
equation:
Wj � wj · Hj + nj .

(1c)

It is diﬃcult to solve Equation (1c) when only Wj is
given. However, since the gray-scale level of a certain pixel is
proportional to the number of contrast agent particles in that
pixel, the number of contrast agent particles follows the
motion pattern of blood. And as for the blood motion
pattern, on consideration of the periodicity of human
heartbeat, the blood ﬂow rate in human body is also cyclical,
which can be expressed in the following equation:
vb (nT + t) � vb (t) + Ψ vb ,

t ∈ Z,

(2)

where vb (nT + t) is the velocity ﬁeld of blood at time
(nT + t). vb (t) denotes the average velocity ﬁeld of blood at

time t, which is the mean ﬂow velocity at the same time in
multiple cardiac cycles. T is the length of the cardiac cycle.
Ψ(vb ) characterizes the changes in ﬂow velocity owing to
factors such as the instability of human blood pressure.
Ψ(vb ) can be regarded as a zero-mean-value distribution
with a small variance, since patients are under the total
anesthesia during the shooting process and their vital signs
remain stable. According to the Wilke–Chang equation [20],
the free diﬀusion rate of the contrast agent in the blood is
much smaller than the blood ﬂow rate, and thus the contrast
agent obeys the same movement law as the blood. Therefore,
the periodicity of the blood ﬂow rate can be employed to
improve the clarity of DSA images.
2.2. Image Integration. In order to decrease the shoot time
and the contrast agent’s injection quantity, images in
the ﬁrst cardiac cycle (donated by the cardiac cycle S) after
the injection of the contrast agent are analyzed in this
study. Firstly, the time at which the cardiac cycle begins
is set to be t � 0. Subsequently, the velocity of the i-th
contrast agent particle in this cardiac cycle is expressed as
ui (t) � (ui (t) · x, ui (t) · y, ui (t) · z). Since the motion of
the contrast agent particles is consistent with that of
the blood, and on consideration of the velocity stability
shown in Equation (2), the velocity of the particle at each
position on its trajectory can be regarded as a sample of the
blood ﬂow ﬁeld at that location. Therefore, once the
substantial number of particles is extracted, the average
velocity ﬁeld of the contrast agent at the pixel (x0 , y0 ) in the
entire cardiac cycle can be estimated by the mean velocity
ﬁeld value of particles which ﬂowed through that pixel
during the calculated cardiac cycle, as shown in the following equation:
v c x 0 , y0  �

1
N x0 , y 0 

N(x0 ,y0 )



ui ti ,

(3a)

i�1

where ti represents the time when the i-th particle
approached pixel (x0 , y0 ).
The total time length that the i-th particle appears in
pixel (x0 , y0 ) during one cardiac cycle T satisﬁes Equation
(3b), where Li (x0 , y0 ) represents the distance of the i-th
particle in the range of pixel (x0 , y0 ) and ui,// (x0 , y0 ) is set to
be the magnitude of velocity component which is parallel to
the image plane in pixel (x0 , y0 ) during that cardiac cycle
since the photographing each DSA image can be regarded as
a sample of each particle’s location:
Ti x0 , y0  � min

Li x0 , y0 
, T.
ui,// x0 , y0 

(3b)

A variate λ is set to represent the absorption capacity of
light in the unit time of a single contrast agent particle. After
that, the time-weighted gray-scale value of the i-th particle at
pixel (x0 , y0 ), pi (x0 , y0 ), can be expressed by the following
equation:
pi x0 , y0  � λ · Ti x0 , y0 .

(3c)
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On combination of Equations (3a)–(3c), vb,// (x0 , y0 ) can
be characterized by the sum of the time integral intensities of
particles which have appeared in pixel (x0 , y0 ) during the
cardiac cycle, as shown in the following equation:
N(x0 ,y0 )



N(x0 ,y0 )

pi x0 , y0  � λ ·

i�1



Ti x0 , y0 

i�1

(3d)

� λ · N x 0 , y0  ·

L x0 , y0 
,
vb,// x0 , y0 



N(x0 ,y0 )

p i x0 , y 0  �

i�1



λ × Ti x0 , y0 

i�1
M−1

� k ×  Nj x0 , y0  × Δt
j�0
M−1

�  wj x0 , y0  × Δt
j�0

≡ b x0 , y0 ,
�

when M ⟶ +∞ and Δt

T
⟶ 0.
M
(3e)

Equation (3e) demonstrates that the overall timedomain integration value of pixel (x0 , y0 ), b(x0 , y0 ), can
be expressed as the integral of each picture’s gray value at
that position in the entire cardiac cycle. On consideration
that the time step Δt is short in the actual case, Equation
(3e) can be employed in the calculation of the captured
DSA images. Therefore, the relationship shown in
Equation (3f ) can be established. And the image b is
named after the time-domain integration image or the
TDI image:
M−1

b x0 , y0  �  wj x0 , y0  × Δt
j�0

� λ × Lpixel ×

Table 1: The image time-domain iteration method.
1. Delineate the region-of-interest
2. Extract the images in the ﬁrst cardiac cycle after the contrast
agent enters the region-of-interest
3. Image denoising with the median ﬁlter
4. Extract the time-weighted image, pi : pi � Wj × Δtj
5. Image time-domain integration, b � M−1
j�0 pi
6. Extract the TDI image in the region-of-interest

3. Results

where L is the average moving distance of the contrast agent
particles within that pixel. Since the size of a pixel is small, L
is approximately equal to the length of each pixel, Lpixel .
According to Equations (1a) and (3d), when the frame rate
M tends to inﬁnity, the following equation can be obtained:
N(x0 ,y0 )

3

Figure 1 shows a group of DSA images from a patient with
aortic dissection. Figures 1(a1)–1(c1) are the DSA images at
t � 1/6T, 1/2T, and 5/6T, respectively. Figure 1(d1) is the
TDI image of the dissecting aneurysm extracted by our
algorithm. For the sake of comparison, the image of dissecting aneurysm region in Figures 1(a1)–1(c1) are
extracted and then the normalized gray-scale histograms of
dissecting aneurysm regions among Figures 1(a1)–1(d1)
are obtained, which are shown in Figures 1(a2)–1(d2),
respectively. Table 2 shows the mean value, standard deviation, and coeﬃcient of variation of DSA images of the
dissecting aneurysm region in one cardiac cycle of the
patient in Figure 1.
Table 2 shows that the coeﬃcient of variation of the TDI
image is higher than all the DSA images in that cardiac cycle,
which means that our TDI image can enhance the details.
Moreover, the gap between the peaks in Figure 1(d2) is
clearer than those in Figures 1(a2)–1(c2), which means that
our TDI image has higher resolution than the original
images.

4. Discussion
Since the blood ﬂow velocity has a certain degree of uncertainty in the actual situation, which directly inﬂuenced
the gray-scale value of the shot DSA image, Equation (1c)
can be rewritten as follows:
Wj � wj · Hj + nj � qj + Φj  · Hj  + nj ,

where qj donates the gray-scale value after the removal of
motion randomness.
Equations (3f ) and (4) illustrate that the time-domain
integration image b can be obtained by the following
equation:
M−1

N x0 , y0 
vc,// x0 , y0 

(4)

M−1

M−1

⎛  Wj ⎠
⎞ � Δt × ⎝
⎛  qj + Φj  · Hj +  nj ⎠
⎞
b � Δt × ⎝
(3f)

M−1

�  Wj x0 , y0  × Δt.
j�0

Furthermore, to strength the denoising eﬀect, the images
are denoised by the median ﬁlter before the time-domain
integration since Ling’s work [21] shows that the noiseless
image is usually insensitive to a median ﬁlter. Table 1 shows
the speciﬁc steps of our method.

j�0

j�0

j�0

M−1

⎝  q + G ⎞
⎠,
� Δt × ⎛
j
j
j�0

(5a)
where matrix Gj is deﬁned to characterize the diﬀerences
between Wj and qj . A new symbol bx is deﬁned here, which
represents the noise-free time-domain integration image.
bx � M−1
j�0 qj . Then, the error analysis of Equation (5a) is
implemented below.
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Figure 1: A set of DSA images from a patient.

Table 2: The mean value, standard deviation, and coeﬃcient of variation of DSA images of the aortic dissection for the patient in Figure 1 in
the ﬁrst cardiac cycle after the contrast agent enters the aortic dissection.
Time
Mean
Standard deviation
Coeﬃcient of variation (%)

0
0.6794
0.3585
52.77

1/6T
0.6340
0.3452
54.44

1/3T
0.6948
0.3473
49.98

1/2T
0.6507
0.3554
54.62

2/3T
0.6958
0.3430
49.30

5/6T
0.5965
0.3784
63.44

2.4e−7.557t sin(13.09t),
⎪
⎧
⎪
⎪
⎨
vinlet (t) � ⎪ −0.343e−7.557(t−0.24) × sin(13.09(t − 0.24))(m/s),
⎪
⎪
⎩
0,
M−1

TDI image
0.6025
0.4425
73.44

0 ≤ t ≤ 0.24,
0.24 < t < 0.2743(s),

(5b)

0.2743 < t ≤ 0.8,

2

2
2
Δt × j�0 Gj x0 , y0 
1 M−1 Gj x0 , y0 
b x0 , y0  − bx x0 , y0 
⎟
⎜
⎞
⎟
⎜
⎠
⎝
�
,
× 
 ≥⎛


M−1
b x x0 , y 0 
M j�0 qj x0 , y0 
Δt × j�0 qj x0 , y0 

��
�� ��
��
��
�� ��
��
M−1
M−1
T
T
��
�
�
⎝k ×   N ×  ⎞
⎠ − b�� < �� lim ⎛
⎝k ×   N ×  ⎞
⎠ − W × T��� .
�� lim ⎛
j
j
j
�� ��M ⟶ +∞
��
��M ⟶ +∞
M
M
�2 �
�2
j�0
j�0
According to Reference [22], when the cardiac cycle
length is 0.8 seconds, the blood ﬂow rate at the aortic inlet,
denoted by vinlet , follows Equation (5b). The ﬁrst part of
Equation (5b) denotes the ejection phase, which is followed by
a brief closure of blood after the closure of the aortic valve.
The ﬂow rate in the rest time is 0. Since the time varies when
each particle enters the view ﬁeld, the time when they arrive at
the same position on the image also varies. Therefore, the
number of images which satisfy Nj (x, y) ≠ 0 is greater than
one in most positions. Thus, Equation (5c) can be obtained.
According to Equation (5c), the signal-to-noise ratio of
image b (bx is deﬁned as the noise-free image in this calculation) is higher than the mean signal-to-noise ratio of
original DSA images at each pixel. Therefore, the result of

T
0.5978
0.3835
64.15

(5c)

(5d)

our method contains lower noise in the entire view ﬁeld, and
our method can suppress the noise.
Furthermore, Equation (5d) can be deduced from
Equation (3e), where ‖‖2 stands for the two-norm of matrix.
According to Equation (5d), image b is closer to the noisefree TDI image bx than all of the DSA images, which means
that image b has the highest clarity. Thus, the image b can
improve the clarity of the original DSA images.

5. Conclusion
In summary, this study presents a DSA image denoising and
enhancement method based on the periodicity of blood ﬂow.
Firstly, the DSA images are reconstructed through the median
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ﬁlter, and then DSA images in a cardiac cycle are integrated and
the overall time-domain integration image b is obtained.
According to the mathematical derivation as well as the veriﬁcation using aortic dissecting aneurysm images, this study
demonstrates that the TDI image of the contrast agent has
a lower overall noise than original DSA images, and it is also
clearer than the original image. This method can contribute to
the feature location extraction and disease prophylaxis in
circulatory disease, such as the ﬁrst break’s position extraction
of aortic dissecting aneurysms and the analysis of stress distribution on vessel wall [23], which are also our future work.
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Evaluation of exercise-induced periodic breathing (PB) in cardiopulmonary exercise testing (CPET) is one of important diagnostic
evidences to judge the prognosis of chronic heart failure cases. In this study, we propose a method for the quantitative analysis
of measured ventilation signals from an exercise test. We used an autoregressive (AR) model to filter the breath-by-breath
measurements of ventilation from exercise tests. Then, the signals before reaching the most ventilation were decomposed into
intrinsic mode functions (IMF) by using the Hilbert-Huang transform (HHT). An IMF represents a simple oscillatory pattern
which catches a part of original ventilation signal in different frequency band. For each component of IMF, we computed the
number of peaks as the feature of its oscillatory pattern denoted by Δ 𝑖 . In our experiment, 61 chronic heart failure patients with
or without PB pattern were studied. The computed peaks of the third and fourth IMF components, Δ 3 and Δ 4 , were statistically
significant for the two groups (both p values < 0.02). In summary, our study shows a close link between the HHT analysis and level
of intrinsic energy for pulmonary ventilation. The third and fourth IMF components are highly potential to indicate the prognosis
of chronic heart failure.

1. Introduction
The rehabilitation of patients with chronic heart failure
(CHF) is a slow process, and sometimes, good progress is
difficult to obtain for some patients. Exercise-induced periodic breathing (EPB) was found to be an important evidence
of poor prognosis [1–6]. Therefore, physiatrists commonly
check exercise breathing patterns of patients with CHF by
using cardiopulmonary exercise testing (CPET; Figure 1(a))
to guide the pharmacological and nonpharmacological

treatments for these patients. CPET involves measurements
of ventilation (VE) respiratory oxygen uptake (VO2 ) and carbon dioxide production (VCO2 ) during a symptom-limited
exercise test [7]. On increasing the bicycle workload during
a CPET test, the respiratory exchange rate and tidal volume
increase simultaneously. For more respiratory exchanges, a
periodic breathing (PB) pattern might occur in some patients
with CHF. PB (Figure 1(d)), first described in the 1970s [8], is
a phenomenon of abnormal hyperventilation that alternates
apneas and hypopneas. In this study, we investigated the
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Ventilation

pneumotachometer
cycle ergometry
(a) Cardiopulmonary exercise testing (CPET) system

Tidal
volume

(b) Eupneic breathing

(c) Gasping breathing

(d) Exercise-induced periodic breathing

Figure 1: A cardiopulmonary exercise testing (CPET) system and breathing patterns. (a) A CPET machine is comprised of a cycle
ergometer and pneumotachometer. During the test, the bicycle workload for the patient is increased until maximal exertion is reached. (b–d)
Breathing patterns include eupneic, gasping, and periodic breathing (PB). Tidal volume is the volume of air exchange between inhalation and
exhalation.

difference in ventilation signals between PB and non-PB
patients [9].
From the analysis of cardiopulmonary exercise testing
(CPET) measurements, two significant indicators have been
studied in the literature, namely, peak VO2 and VE/VCO2
slope. Peak oxygen consumption (peak VO2 ) was considered
the gold standard assessment parameter of prognosis in
CHF [10, 11]. Then, the ratio of ventilation-to-carbon dioxide
production (VE/VCO2 slope) was also studied later with the
same importance as peak VO2 [12, 13]. More recently, the
quantification of PB patterns was investigated in both the
spatial and frequency domains [3–5]. Here, we endeavored
to link CPET measurements and the quantification of PB
patterns by using the Hilbert-Huang transform (HHT) [14].
The Hilbert-Huang transform has been applied in many
biomedical analyses [15], including blood pressure [16, 17],
nasal flow [18], and electroencephalography [19, 20]. To apply
the Hilbert-Huang transform on the analysis of ventilation

measurements, we propose two important steps of preprocessing. In the first step, we examine the ventilation measurements from CPET tests. Some ventilation measurements
are noisy and aberrant when the testing patient is gasping.
The occurrence of such aberrant signals is caused by the
limitation of a CPET system. The ventilation VE values are
obtained from breath-by-breath calculation of gas exchange
at the mouth. A nonrebreathing valve is connected to a
mouthpiece to prevent mixing of inspired and expired air.
Thus, one irregular gasping exhalation may be recorded as
two or more breaths. As a result, we filter out those aberrant
measurements.
Moreover, not all measurements from entire CPET tests
were used in our analysis. To determine the meaningful
difference in cardiopulmonary response between the PB and
non-PB patients, we only selected the period before the
patient’s ventilation reached the maximal volume. The common respiratory rate for an adult at rest is 12–20 breaths per

Ventination (L/min)
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For the analysis of PB or non-PB exercise ventilation, 200
serial measurements before the largest ventilation volume
were chosen, and an AR(6) model is applied to the series. By
using the equation to fit the exercise ventilations, we filtered
out the observed measurement of ventilation y𝑡 if 𝑦𝑡 < 0.8𝑦𝑡 .
This filtered series of ventilation signals is called “the most
exhausted exercise ventilations (MEE-Ve)” in this paper.
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Figure 2: Measured signals of exercise breath-by-breath ventilation. Very low measurements usually occur when the patient is
gasping. In this study, when the ventilation volume was high, these
exceptional measurements were observed as noises.

minute, which will increase up to 30–50 breaths per minute
during exercise testing. Thus, PB patterns are most likely to
appear around the peak respiratory volume. Therefore, 200
ventilation measurements, that is, a period of 4–6 minutes
before the peak volume, were used in the analysis.

2. Materials and Methods
2.1. Breath-by-Breath Ventilation Signals for 61 Patients with
Chronic Heart Failure. Exercise ventilation signals were
recorded from CHF patients who received rehabilitation
at the Chang Gung Memorial Hospital-Keelung Branch in
Taiwan. All the subjects were studied in accordance with a
protocol previously approved by the local ethics committee
and registered at the ClinicalTrials.gov website with ID No.
NCT01053091. The respiratory signals were acquired using
a pneumotachometer connected to a mask and analyzed
using the machine MasterScreen CPX Metabolic Cart. In
common cases, the signals, including VO2 and VCO2 , are
output per 30 seconds, although they are measured breath
by breath. More information about the collected CPET data
can be found in Fu et al. (2017). For this study, we output the
original breath-by-breath signals of ventilation instead. The
total measurement period was 10–15 minutes. We obtained
61 deidentified ventilation samples marked as PB (n = 20) or
non-PB (n = 41) by physiatrists.
2.2. Filtering of Ventilation by an Autoregressive Model. Many
observations of biosignal series exhibit serial autocorrelation
and can be modelled with autoregressive (AR) models. Garde
et al. showed that ventilation signals can also be fitted by
AR models [18]. They used the coefficients of AR models to
characterize the respiratory pattern of PB or non-PB patients.
However, the average ventilation measurements per minute
were adapted in their study. In our study, we analyzed breathby-breath signals and applied the AR model method to fit the
curve of exercise ventilation as shown in Figure 2.
The AR models predict y𝑡 as a function of past observations, 𝑦𝑡−1 , 𝑦𝑡−2 , . . . , 𝑦𝑡−𝑝 . The form of the AR model is
𝑦𝑡 = 𝑐 + 𝜙1 𝑦𝑡−1 + ⋅ ⋅ ⋅ + 𝜙𝑝 𝑦𝑡−𝑝 ,

2.3. Decomposition of the Chosen Ventilation Signals by
the Hilbert-Huang Transform. The Hilbert-Huang transform
(HHT) is a signal decomposition method developed by
Norden E. Huang in the 1990s [14]. By using this processing
method, biosignals are decomposed into a set of IMFs
by an empirical mode decomposition (EMD) process. The
instantaneous frequencies and amplitudes of all IMFs can be
used to identify embedded signal structures.
The HHT representation of series X(t) is
𝑛

𝑛

𝑗=1

𝑗=1

𝑋 (𝑡) = R ∑ 𝑎𝑗 (𝑡) 𝑒𝑖𝜃𝑗 (𝑡) = R ∑ [𝐶𝑗 (𝑡) + 𝑖𝑌𝑗 (𝑡)] ,

(2)

where C𝑗 (t) and Y 𝑗 (t) are, respectively, the j-th IMF component of X(t).
To obtain IMFs, EMD [14], which is an iterative process
that output a set of signal components called IMFs, is
performed. Figure 3 shows an example of decomposed IMFs
for a series of MEE-Ve. The original signals are decomposed
into the components IMF1 , IMF2 , . . ., IMF5 . Different IMF
components may imply particular factors. We calculated
the peaks of the oscillations in each IMF with MATLAB’s
“mspeaks” function [21]. The estimated peaks of the IMF
components of IMF𝑖 are denoted as Δ 𝑖 to compare the PB and
non-PB samples.
2.4. Statistical Analyses. Student’s t-tests were used to identify
statistically significant differences between two groups of
features of PB and non-PB samples.

3. Results
3.1. The Computation of IMFs of Most Exhausted Exercise
Ventilations (MEE-Ve) for PB and Non-PB Patients. The
measurements of ventilation (VE) obtained from cardiopulmonary exercise testing (CPET) were analyzed using the
proposed method. The programs were written in MATLAB.
We analyzed the extracted exercise ventilations in this section
by using HHT for 20 patients with or without PB as judged
by physiatrists. The empirical mode decomposition (EMD)
process is applied to the VE data and several IMFs are
extracted. Figure 3 depicts the HHT decomposition result
for IMF1-IMF5. In addition, we show the corresponding
instantaneous frequency of the decomposed IMF1 -IMF4
in Figure 4. All figures of HHT decomposition results
for the 61 patients are available at our Github repository
(https://github.com/htchu/EpbAnalysis).

(1)

where p is the degree of the AR model and denoted by AR(p)
and 𝑦𝑡 is the predicted term.

3.2. Numbers of Peaks as the Features of IMFs. We used
MATLAB’s “mspeaks” function to perform the peak fitting
of IMFs and the source ventilations. Figure 5 illustrates
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Figure 3: An example of empirical mode decomposition of most exhausted exercise ventilations (MEE-Ve). The MEE-Ve signals are 𝑘
ventilations before the peak volume. The number 𝑘 is 200 in this paper. The illustration is from the analysis of the patient ID: pb0001 which
was judged as a periodic breathing (PB) case. All results of the EMD analysis for the PB or non-PB cases can be found at the Github repository
(https://github.com/htchu/EpbAnalysis).

the computed locations of peaks for the same experimental
data in Figure 3. Obviously, the peak fittings for the source
ventilations and the first IMF (Figures 5(a) and 5(b)) are
not as good as the peak fittings for the other IMFs (Figures
5(c)–5(f)). Table 1 lists the numbers of computed peaks of
IMF1 -IMF5 for first 20 patients (10 PBs and 10 non-PBs).
Supplemental Table 1 provides all of the computed peaks for
the entire test dataset.

identify statistically significant differences between the two
groups (PB and non-PB patients). Table 2 lists the 𝑝 values
for the comparison between the two group for the computed
peaks of IMFs. The 𝑝 values for first two IMFs are greater
than 0.1 such that the peak computations are not statistically
significant for IMF1 and IMF2 . By contrast, the 𝑝 values
for IMF3 and IMF4 are less than 0.02 such that the peak
computations are statistically significant for IMF3 and IMF4 .

3.3. Statistical Significance Test of IMFs. The statistical significance test derived by Wu and Huang [22] is illustrated in
Figure 6. The five extracted IMFs are shown along with the
95% and 99% confidence limits. All IMFs are above the 99percentile confidence limit except for the IMF5. Therefore,
only the IMF5 is not statistically significant from noise [22].

4. Discussion and Conclusion

3.4. More Peaks of IMF3 and IMF4 for Better Prognosis of
Chronic Heart Failure Cases. Student’s t-tests were used to

This paper conducted a new analysis on exercise ventilation
signals to predict the prognosis of CHF patients. We defined
MEE-Ve as a breath-by-breath ventilation measurement filtered using an AR model. We ran our correlation analysis
through IMFs, extracted from the EMD process, and found
that PB patterns were highly correlated to IMF3 and IMF3 .
To clarify the correlation, we introduced peak computation of
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Figure 4: The corresponding instantaneous frequency of the decomposed IMF1 -IMF4 (Figure 3).

IMF3 and IMF4 (Δ 3 , Δ 4 ) as the feature of ventilation signals
from cardiopulmonary exercise testing (CPET).
However, the effectiveness of the proposed method needs
more clinical examinations in the future. Meanwhile, the
range selection of exercise ventilations is another issue for
more studies. We plan to examine this method with more
cardiopulmonary tests.
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Figure 5: Peak Computations of IMFs (Figure 3).
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Table 1: Computed peaks Δ 𝑖 of IMFs by mspeaks.
PB or non-PB Patient
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An attempt has been made to evaluate the effects of wall shear stress (WSS) on thoracic aortic aneurysm (TAA) using Computational
Fluid Dynamics (CFD). Aneurysm is an excessive localized swelling of the arterial wall due to many physiological factors and it
may rupture causing shock or sudden death. The existing imaging modalities such as MRI and CT assist in the visualization of
anomalies in internal organs. However, the expected dynamic behaviour of arterial bulge under stressed condition can only be
effectively evaluated through mathematical modelling. In this work, a 3D aneurysm model is reconstructed from the CT scan slices
and eventually the model is imported to Star CCM+ (Siemens, USA) for intensive CFD analysis. The domain is discretized using
polyhedral mesh with prism layers to capture the weakening boundary more accurately. When there is flow reversal in TAA as
seen in the velocity vector plot, there is a chance of cell damage causing clots. This is because of the shear created in the system
due to the flow pattern. It is observed from the proposed mathematical modelling that the deteriorating WSS is an indicator for
possible rupture and its value oscillates over a cardiac cycle as well as over different stress conditions. In this model, the vortex
formation pattern and flow reversals are also captured. The non-Newtonian model, including a pulsatile flow instead of a steady
average flow, does not overpredict the WSS (15.29 Pa compared to 16 Pa for the Newtonian model). Although in a cycle the flow
behaviour is laminar-turbulent-laminar (LTL), utilizing the non-Newtonian model along with LTL model also overpredicted the
WSS with a value of 20.1 Pa. The numerical study presented here provides good insight of TAA using a systematic approach to
numerical modelling and analysis.

1. Introduction
Aorta is the major artery that carries blood from heart to all
parts of the body and part of the aorta that runs through the
chest is called thoracic aorta [1]. When an area of thoracic
aorta expands or bulges, it is called a thoracic aortic aneurysm
(TAA). According to the study of incidence and mortality
rate of TAA, the incidence of ruptured thoracic aneurysms
in individuals aged 60–69 years is about 100 cases per 10,000;
in those aged 70–79 years, it is about 300 cases per 10,000
and in those aged 80–89 years, it is about 550 cases per
10,000 people [1]. TAA causes plaque formation, which is a
serious health risk as it can burst or rupture the inner wall
intima continuing to the outer wall adventitia. However,

plaque cap rupture per se does not lead to stoppage of
blood flow. Rather, plaque cap rupture provides a surface that
initiates thrombosis, which may then grow to occlude the
vessel and stop blood flow [2]. TAA exists in both saccular
shape and fusiform shape. The saccular shape aneurysm is
eccentric, involving only one portion of the circumference
of an aortic wall. The fusiform aneurysm is concentric and
involves the full circumference of the vessel wall. The effect of
high shear hemodynamics on thrombus growth has profound
implications for the understanding of all acute thrombotic
cardiovascular events as well as for vascular reconstructive
techniques and vascular device design, testing, and clinical
performance [3]. In the present work, saccular shape TAA
is considered in detail due to the fact that it has caused
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Table 1: Derived values of aortic diameter, average velocity, and
Reynolds number.
D=
(Re∗𝜇)/(Vpeak)
Patient Aortic diameter
No. ∗
(D) (m)

Reavg =
(𝜌∗D∗Vavg)/𝜇
Average velocity Average Reynolds
(m/sec) (V avg) number (Re avg)
Vavg = Q/A

2

0.0302

0.1229

730.03

3

0.0287

0.1333

797.38

4

0.0262

0.1629

856.39

5

0.0261

0.1674

844.23

6

0.0304

0.1281

811.12

∗

Table 1 of Stein et al. [4].

greater rupture risks than fusiform aneurysm [3]. This work
aims to show that Computational Fluid Dynamics (CFD)
is an effective tool that can provide better insights into
TAA diagnosis with proper solver settings and a numerical
protocol.
The viscosity values for a group of five normal people were
estimated by Stein et al. [4] to be in the range of 0.0051 to
0.0055 Ps s (average value of 0.0053 Pa s) and the same has
been used in the present study (Table 1). The aorta diameter was computed using the peak Reynolds number, peak
velocity, and viscosity. This value was then used to obtain the
average velocity and Reynolds number. The density value of
blood is taken to be 𝜌 = 1060 kg/m3 . It can be seen from table
that the flow of blood inside aorta is predominantly laminar
in nature. Owing to the pulsatile nature, the flow is sometimes (locally) turbulent. The derived values obtained from
Stein et al. [4] are shown in Table 1.
From Table 1, it is clear that turbulent flow occurs only
with peak blood flow velocity values. With average velocity
values, the flow tends to be laminar with the average Reynolds
number in the range of 730 to 856. A regular geometry profile
that mimics an aneurysm was modelled and numerically
solved by Berguer et al. [5]. Both laminar and turbulent
pulsatile flows were studied. The actual diseased model was
not studied. The effects of Newtonian and non-Newtonian
behaviours of blood were compared. They concluded that
non-Newtonian turbulent flow is to be considered in the
study of aneurysms. It is to be noted that the pulsatile flow will
be both laminar and turbulent based on the velocity attained
at that instant of time. A transit model that could best handle
both laminar and turbulent flow would be a better predictor
of the flow phenomenon and provide more acceptable wall
shear stress values.
A transitional flow model based on Menter et al. [6] was
employed by Tan et al. [7] for predicting the blood flow
patterns in a fusiform aneurysm region assuming the blood
to be Newtonian in nature. In essence, although the flow
was pulsatile with a major pulse component being laminar
in nature, the transitional flow model solves the fluid flow
in the near wall region as laminar and turbulent elsewhere.
From the simulation results, they observed that the transitional model gave better inference compared with the
laminar simulation. Highly disturbed, recirculating flow was
observed within the bulged region of the aneurysm. High

turbulence intensity values were particularly observed near
the outlet of the aneurysm. It was also presented that the
wall shear stress values obtained could be an overestimate. It
would be of interest to investigate an appropriate transitional
model considering blood to be non-Newtonian in nature
on a saccular aneurysm of a diseased aorta. However, the
effective implementation of this basic scheme requires a very
fine grid resolution near the wall region. The suggested y+
(nondimensional distance from wall) value is < 2. This is
extremely fine and would be computationally intensive.
The detailed significance and explanation of computation is
presented under the numerical protocol section of this paper.
An optimum solution to this would be to achieve a good
prediction even with a comparative fine mesh having a
selected wall y+ value of 100, at the same time taking care to
ensure that the laminar/turbulent transition is in a pulsatile
flow instead of using the typical transitional flow model.
A. C. Benim et al. [8] observed that, for a normal human
aorta, time averaged velocity field of pulsatile flow did not
show remarkable differences in steady-state results. They
indicated that the mobilization of atherosclerotic plaques
needs to be considered as a very important issue for extracorporeal circulation. However, the effect of actual flow pattern
on a diseased aorta was, however, not studied. A detailed
lumen surface representation of aortic aneurysm is very
important in the analysis of stress pattern [9]. However,
the fluctuations of blood flow inside an aneurysm lumen
region were not studied in detail. Qiao et al. described the
formation and development of aortic plaque in an aneurysm
region using CFD [10]. The simulation was performed for
a fusiform aneurysm in the descending aorta with pulsatile
flow but the cell refinement and grid independence test
were not performed. Callaghan et al. presented a work that
combined a 4D flow and CFD simulation of a thoracic aortic
aneurysm case [11]. They reported that high wall shear stress
values of 20 Pa were found in the ascending aorta during the
turbulent flow and concluded that the CFD provides results
supplementing the 4D flow data in the understanding of
aneurysm development and risk; however, the laminar flow
and significance of wall y+ in the aneurysm model were not
studied. Numata et al. [12] and Markl et al. [13] reported
that CFD simulation alone does not guarantee fidelity to
reproduce in vivo hemodynamics due to inherent model
limitations. They noted that the grid resolution errors were a
possible source of uncertainty. In order to overcome this,
mesh independence study was performed. Soudah et al. [14]
provided a detailed methodology and the importance of wall
y+ for capturing the WSS. However, it was computed for the
peak systolic instant time using flat inlet velocity profile for
a normal aorta. Basri et al. [15] detailed the recent usage
of CFD in biomedical applications. The authors reviewed
several research papers that studied the use of CFD as a
tool for determining the pathophysiology of a cardiovascular
system. The abnormalities discussed by the authors included
narrowing of aortic wall, leakage of blood from the valve
opening, and stenosis conditions. However, the usage of CFD
in aneurysm condition was not studied.
In summary, from the analysis of available literature, it
is seen that it is necessary to consider a geometry model
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that is as close as possible to the real aorta. This can be
ensured by using one of the several imaging modalities, like
CT. This model has to be discretized (meshed) with proper
refinement close to the wall and must be fine enough to avoid
numerical errors. In this research work, an aorta having a
saccular aneurysm is reconstructed from a CT image. The
detailed discretization scheme is an extension of [14] with
improvements in mesh topology which are explained in detail
in the next section. As far as the physics is concerned, it is seen
from literature that the flow should be considered as pulsatile
and fluid (blood) as non-Newtonian. The discretization of
the geometry is very important to obtain a solution with
minimum numerical error. The protocol adopted is presented
in detail in the next section. The numerical scheme is the
key to accurate prediction. From the study of available
literature, it is seen/noted that several schemes have been
tried, namely, laminar, turbulent, and transitional models
assuming a steady velocity profile and/or pulsatile profile with
a Newtonian behaviour. A pulsatile flow with non-Newtonian
fluid model has not been attempted thus far/yet and it is
suggested that this improved method of approach with abovementioned modelling parameters would provide a more
accurate estimation of WSS values.
In this research work, an attempt is made to test the
efficacy of the numerical scheme by comparing the results
obtained using a pulsatile velocity profile for both Newtonian
and non-Newtonian models considering the flow to be laminar. The reason for using the laminar flow model is that for
a pulse of 0.8 seconds the flow is turbulent only from 0.02 to
0.2 seconds, where the Re values exceed 2200. The average Re
is always less than 2200. To find an alternate to the transitional
model that assumes the bulk of the fluid transport as fully
turbulent (which it is not) and also requires a very fine mesh
(a computationally intensive proposition), it is proposed
to use a laminar-turbulent switch based on the Reynolds
number. This is to see if the possibility of overprediction of
WSS [8] can be mitigated. The velocity trace can be mapped to
a laminar-turbulent-laminar flow from a cardiac cycle. In this
model, the velocity trace is mapped to the Reynolds number.
For all values of Re < 2200, the laminar flow solver is enabled,
and for Re > 2200, the standard k-epsilon model is enabled.

2. Materials And Methods
2.1. Numerical Evaluation Protocol. The workflow followed in
this study is pictorially represented in Figure 1 and is briefly
explained below.
2.1.1. Geometry Selection. In this research, the 3D aneurysm
model was reconstructed from the CT scan slices using
MIMICS. The original CT image file format was DICOM.
The total number of scanning slices is 600 and the range of
scanning was from neck to legs. The distance between neighbouring layers was 1 mm. The CT data was imported into
MIMICS software and data of the aortic vessel was extracted
by means of 3D threshold segmentation. Then, the model is
imported to Star CCM+ (Siemens, USA) for CFD analysis.
The domain is discretized using polyhedral mesh with prism
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Geometry Selection

Mesh Topology

Proper Solver Settings

Mesh Independence Study

Analysis

Figure 1: Workflow.

Figure 2: Prism layer at the outlet.

layers to capture the boundary more accurately based on the
following reasons.
2.1.2. Polyhedral Mesh. Polyhedral meshes provide a balanced solution for complex mesh generation problems. They
are relatively easy and efficient to build, requiring no more
surface preparation than the equivalent tetrahedral mesh.
They also contain approximately five times fewer cells than
a tetrahedral mesh for a given starting surface. Multiregion
meshes with a conformal mesh interface are allowed.
2.1.3. Prism Layer Mesh. The prism layer mesh model as
shown in Figure 2 is used with a core volume mesh to
generate orthogonal prismatic cells next to wall surfaces or
boundaries. This layer of cells is necessary to improve the
accuracy of the flow solution and provides a conformal mesh
for the model. This helps in capturing the velocity across the
boundary layer more accurately than depending on standard
wall functions. This is decided from the wall y+ value that is
discussed later in this section. It is to be noted that Figure 2
presents only the representation of the prismatic layer near
wall with polyhedral cells in the center. The actual mesh is

4

Computational and Mathematical Methods in Medicine

Figure 3: Nondimensional distance from wall y+ versus nondimensional velocity U+.

extremely fine (average distance from the wall to the adjacent
grid is 0.0001 m.) and one would not be able to see the
geometric progression of cell layer thickness from wall to the
inner fluid region.
2.1.4. Significance of Wall y+ Value. To understand the actual
physics of wall shear stress, the flow close to the boundary
layer has to be accurately captured. Since the boundary layer
thickness is extremely small, the first grid point must be very
close to the wall. This distance from the wall is represented as
nondimensionless wall y+ .
𝑦+ =

𝑦𝑢𝜏
,
𝜗

𝑢𝜏 = √

𝜏𝑤
𝜌

(1)

where
y+ is nondimensional distance from the wall,
y is the distance from the wall, m,
𝑢𝜏 is frictional velocity,
𝜗 is kinematic viscosity, m/s2 ,
𝜏𝑤 is wall shear stress, Pa,

𝜌 is density, kg/m3 .

The velocity profile close to the wall is generally assumed to be
parabolic and the boundary layer variation is assumed to be
parabolic. However, this is not the case. The nondimensional
velocity u+ is plotted against the nondimensional distance
from the wall and defined as y+ (Figure 3). As seen in Figure 3,
the boundary layer can be divided into three regions and they
are viscous sublayer, log layer, and defect layer. In the viscous
sublayer y+ = u+ and this holds good for a value of y+ up to
5. It means that the viscous forces are as strong as the inertial
forces. In the log layer, the u+ value increases exponentially in
comparison to the distance from the wall and is linear when
plotted in logarithmic scale.
Wall y+ value indicates the position of the grid inside the
boundary layer. A value of less than five signifies that the first
grid is in viscous sublayer and a value of 300 signifies that
the first grid is in log layer. It is desirable that y+ be in this
range to ensure that the physics of boundary layer are truly
represented in this study’s computation even though standard

Figure 4: Velocity profile graph [15].

wall functions are enabled. In this case, y+ ranges from 3 to
100, respectively. This clearly satisfies the condition that, in
the present simulation, the flow inside boundary layer is fully
represented by the prism layer grid points.
2.1.5. Mesh Independence Study. In order to avoid the grid
resolution errors, three different mesh models are generated
in the fluid domain. The number of cells generated is two,
four, and eight hundred thousand, respectively. The number
of prism layers is set to four for capturing the near-wall
velocity profile. The simulations were performed for pulsatile
velocity profile of a typical resting condition on the aneurysm
region in thoracic aorta and the results presented are of a male
person (age 61) in Figure 4. The velocity profile was obtained
from the published literature [15].
The simulation is performed assuming Newtonian
behaviour. The simulation is run for 6 cycles to allow the
solver to stabilize and the results for the seventh cycle are
plotted. Three points are monitored. Point 1 corresponds to
inlet, point 2 corresponds to the location where the aneurysm
is present, and point 3 refers to the outlet (Figure 5). Figures
6–8 present the velocity profile over time for various mesh
counts. The negative value in the velocity is because the
flow is considered to be positive in the upward direction
in the inlet region. It can be seen from all the three figures
that the mesh-independent solution is reached for a mesh
count of 400,000. However, for ensuring fidelity, all further
simulations are performed with a refined mesh having a
mesh count of 800,000.
2.1.6. Solver Settings. Regarding physical conditions, they
include unsteady, pulsatile, and laminar, segregated flows.
The laminar flow is considered based on the value obtained
from the Reynolds number. The average Reynolds number
for pulsatile flow is 1405. From the velocity profile, it is found
that 78% is laminar and 22% is turbulent. As the flow is
predominantly laminar, the laminar flow model is chosen.
However, the laminar-turbulent-laminar (LTL) model is also
simulated for comparison.
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Figure 6: Velocity profile over time at monitoring point 1 (inlet) for
various mesh counts.

Regarding boundary conditions, the inlet boundary condition is velocity inlet and the velocity profile given in the inlet
is shown in Figure 5(a). For CFD analysis, the average velocity
has to be set as an inlet boundary condition instead of using
peak velocity value. The wall is assumed to be rigid and no slip
condition is set in the wall. The outlet boundary condition is
the pressure outlet.
For Newtonian or non-Newtonian fluid, generally, blood
follows a Newtonian behaviour in large arteries and nonNewtonian behaviour in small arteries and capillaries.
But in both medium and large sized blood vessels, nonNewtonian behaviour influences hemodynamic factors [16–
18]. To understand this effect, non-Newtonian model of blood
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400K

Figure 7: Velocity profile over time at monitoring point 2
(aneurysm) for various mesh counts.

is also adopted and compared with the results obtained using
Newtonian flow. The viscosity of the blood is set at 0.0052 Pa-s
based on the experimental results reported in [4].
During the steady state, non-Newtonian behaviour affects
the wall shear stress predicting larger values than the Newtonian model [16, 17, 19–21]. Solving this aorta model assuming
a steady average velocity, WSS value is estimated as 13.2 Pa
for non-Newtonian model, which is higher than the WSS
value of Newtonian model (7.4 Pa). But when pulsatile flow
is considered, Newtonian behaviour tends to provide larger
WSS than the non-Newtonian behaviour as can be seen from
the graph presented above (Figure 9) with average values
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Figure 10: Velocity in the aneurysm region at different exercise
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Figure 8: Velocity profile over time at monitoring point 3 (outlet)
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Figure 9: Pulsatile flow wall shear stress versus time for Newtonian
and non-Newtonian WSS.

of 16 Pa and 15.29 Pa, respectively. The graph also shows
the laminar-turbulent-laminar (LTL) model proposed in this
paper. This model (LTL) overpredicts WSS with an average
value of 20.10 Pa. In effect, it is amply evident from this work
and others that considering blood flow as laminar is the right
assumption/presumption.
The simulation was performed based on three conditions:
during rest, light exercise, and moderate exercise. The velocity
profile varies with the stress condition and the same is
presented in Figure 10.

3. Result and Discussion
We consider the velocity profile and vorticity at the three
peaks at 0.05, 0.25, and 0.75 time instants in the velocity
profile of blood flow during rest, light exercise, and moderate
exercise positions (Figure 10).
From Figure 10, it is observed that, for moderate exercise
conditions, the velocity profile has peaks at 0.05, 0.25, 0.4,
and 0.75 seconds and two peaks for the other two stress
conditions. The corresponding velocity vector at these three
time instants is plotted in Figure 10.

Figures 11(a) and 11(b) indicate the vector scene represented during the first peak in Figure 10 at the aneurysm point
for both laminar and laminar-turbulent-laminar methods.
This shows that the flow is towards the left side, which makes
the base for the formation of vortex. Figure 11(c) presents the
vorticity plot at the same time instant. The vorticity value
at the aneurysm using laminar method is 110.7285(/s) and
for LTL method it is 221.6708 (/s). Although the pulsatile
flow behaves as a laminar-turbulent-laminar based on the
velocity profile, it overpredicts the values when compared
to a laminar method. This again fortifies that the simulation
needs to be performed using a non-Newtonian and laminar
scheme.
Figure 12 indicates the flow reversal in the aneurysm
region (i.e., flow towards the right). Figure 12(c) presents the
vorticity plot at the same time instant. The vorticity value at
the aneurysm using laminar method is 111.07(/s) and for LTL
method it is 182.44 (/s).
In Figure 13, the flow is towards the left side and this
vector scene is obtained during the second positive peak in
Figure 10. Figure 13(c) presents the vorticity plot at the same
time instant. The vorticity value at the aneurysm using laminar method is 19.39(/s) and for laminar-turbulent-laminar
method it is 46.98 (/s).
In Figures 14(a) and 14(b), the flow vector direction
is towards the right, indicating the flow reversal in the
aneurysm region again. This flow reversal may have an effect
on wall abrasion and the possibility of rupture. There is an
increase in peak velocity of flow in the ascending aorta with
exercise [22]. Figure 14(c) presents the vorticity plot at the
same time instant. The vorticity value at the aneurysm using
laminar method is 13.5542 (/s) and for laminar-turbulentlaminar method it is 31.3758(/s).
According to Taylor [23], for a normal person, reverse
flow occurs in aorta during rest and reverse flow gets
eliminated during exercise. The present model was carried
out on subject with aneurysm and from the analysis it was
found that there is reverse flow and flow fluctuations during
exercise condition in the aneurysm region, which could lead
to rupture.
Although the LTL scheme provides the same vector scene
as non-Newtonian model, the WSS is comparatively high
for the laminar-turbulent-laminar scheme. Also the vorticity
value is high for the laminar-turbulent-laminar scheme when
compared to the laminar scheme.
The WSS is associated with blood flow through an artery
and also depends on the size and geometry of an aorta. The
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(b)
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Figure 11: (a) Velocity profile at 0.05 sec using laminar method. (b) Velocity profile at 0.05 sec using laminar-turbulent-laminar scheme. (c)
Vorticity profile using laminar and laminar-turbulent-laminar methods at 0.05 sec.

corresponding WSS during rest, light exercise, and moderate
exercise are shown in Figures 15 and 16.
From this, it is clear that laminar-turbulent-laminar
scheme overpredicts high WSS values. So, the alternate choice
of the non-Newtonian model with laminar flow can provide
better results among the different models discussed above.

WSS is an important factor for rupture and plaque
formation. Results so far published in open literature have
emphasised that the WSS is overpredicted in a numerical
experiment. Numerical results heavily depend on the settings
and these have not been well documented so far. In order to
obtain solutions that match the physical experiments, there is
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(a)

(b)

(c)

Figure 12: (a) Velocity profile at 0.25 sec using laminar method. (b) Velocity profile at 0.25 sec using laminar-turbulent-laminar scheme. (c)
Vorticity profile using laminar and laminar-turbulent-laminar methods at 0.25 sec.

a need for (a) proper extraction of the geometry without loss
of detail and a good discretization scheme; (b) choice of flow;
and (c) choice of physics. These are explained in detail below.
The discretization of the geometry must follow a protocol
in such a way that the near-wall region is adequately captured
along with a mesh-independent study to check the fidelity of
the solution. Although the flow behaviour is laminarturbulent-laminar over a cardiac cycle, it has been seen that
this model overpredicts WSS as well as the vorticity. Surprisingly, it is assumed that the flow to be laminar provides a

better estimate for WSS. Also the physics of the fluid are
taken as non-Newtonian and this provides a better result
than Newtonian. It is to be noted that a pulsatile flow with
non-Newtonian fluid model has not been attempted so far
and seen as an improved method of approach with abovementioned modelling parameters to estimate the WSS more
accurately.
Also, the development of vortex and flow reversal is
presented in this work, which is a possible reason for
formation of plaque deposition. This is a cause for reduction

Computational and Mathematical Methods in Medicine

9

(a)

(b)

(c)

Figure 13: (a) Velocity profile at 0.4 sec using laminar method. (b) Velocity profile at 0.4 sec using laminar-turbulent-laminar scheme. (c)
Vorticity profile using laminar and laminar-turbulent-laminar method at 0.4 sec.

in flow area and increase in internal pressure. This insight
on the flow reversal and vortex development has not yet
been explored based on the available literature to the best of
the authors’ knowledge. Chatzizisis et al. and Chen et al.
have presented that, at locations where there is a presence of
atherosclerotic lesions, oscillatory or low shear stress is
predominantly observed [24, 25]. However, Chen et al.

also observe that effect of stress on plaque is unknown
[25].

4. Conclusion
The conformal mesh for the model is obtained using the
polyhedral and prism layer mesh. The flow along the sides of
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(a)

(b)

(c)

Figure 14: (a) Velocity profile at 0.75 sec using laminar method. (b) Velocity profile at 0.75 sec using laminar-turbulent-laminar scheme. (c)
Vorticity profile using laminar and laminar-turbulent-laminar method at 0.75 sec.

the wall is captured well by using wall y+. It has been observed
that considering pulsatile blood flow to be laminar is correct
and it does not overpredict the WSS values. Moreover, it is
also found necessary to consider the blood to be nonNewtonian even when the flow is in the larger blood vessel.
The true representation of the geometry, discretization with
fine meshes in the near wall region (y+ < 100), and the
proper choice of numerical scheme are the keys to correct
prediction of flow and WSS. CFD as a mathematical tool can
help in understanding the flow physics phenomena inside

an artery. The advantage is that the model can be tested
for varying stresses that an artery may be subjected (to) in
day to day life. This tool will help in evaluating treatment
methodology and suggest lifestyle modifications for the
diseased patient. Thus, the relationship between CFD and
cardiovascular hemodynamics was studied with different
assumptions. It was found that CFD can provide better results
with proper modelling, mesh, and solver settings. Limitation
of this study is that the present findings are based on limited
population (i.e., one particular case). In future, more CT data
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Figure 15: WSS during rest, light exercise, and moderate exercise at 0.15 sec.

Figure 16: Wall shear stress during moderate exercise using the laminar-turbulent-laminar scheme.

of saccular shape thoracic aortic aneurysm patients can be
obtained and then simulation can be done to provide more
appropriate numerical results.
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